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ABSTRACT 
 
New transportation technologies and shared mobility systems have not only disrupted the 
market but also revolutionized the way mobility is perceived. With such rapidly progressing 
technology it is likely that this transformation will continue to happen and the market will evolve 
further. Private and public sectors have been equally engaged in this process and new policies are 
being formed to accommodate this growth.  
The objective of this dissertation study is to investigate how shared mobility is being 
perceived and utilized, and how socio-demographic and health factors affect users’ behaviors 
and usage likelihoods. Questionnaire surveys are designed and distributed to collect data and 
numerous heterogeneity econometric models are estimated to uncover some of the complexities 
of human behaviors regarding transportation choices. Specifically, this study addresses four 
different aspects/models related to shared mobility adoption and use. 
First, the factors influencing how often registered bikesharing users use the system and 
the determinants for auto-trip substitution are investigated. In addition to standard socio-
demographic and travel behavior characteristics of the survey respondents, health-related 
questions are also included in the survey and health-related indicators are considered as 
explanatory variables in the estimated models. It was found that gender, age, income, household 
size, commute type and length, and vehicle ownership all play significant roles in bikesharing 
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usage and modal substitution decisions. Regarding health measures, respondents’ body mass 
index (BMI) was also a significant predictor of bikesharing usage.  
Next, likelihood of adoption of shared automated vehicles and respondents’ potential 
concerns of this new transportation mode are investigated. Some of the key variables playing 
roles in the willingness to use shared automated vehicles are ethnicity, household size, daily 
travel times, and vehicle crash history. With regard to concerns associated with shared automated 
vehicles, this study also identifies the characteristics of respondents who are more or less likely 
to be concerned with safety, reliability, privacy, and travel time/travel cost. The results offer 
initial assessment of the market and reveal how different groups of users will behave when 
shared automated vehicles become available to the public. 
This research also investigates behaviors relating to ridesourcing usage frequency. 
Because ridesourcing companies have become an integral part of transportation systems, the 
intent of this objective is to develop a statistical model of individuals’ usage rates of ridesourcing 
services. The results show that age, gender, income, household size, vehicle ownership, typical 
parking time, and the nature of commutes all play role in determining how often an individual 
uses ridesourcing services. In addition, self-assessed health, high body mass index (BMI), and 
registration for other shared mobility services are also found to play roles in ridesourcing usage. 
Lastly, peer-to-peer carsharing is investigated. The aim of this research objective is to 
determine the respondents’ willingness to lend their personal vehicle to the peer-to-peer 
ridesourcing fleet. The model estimation results reveal that gender, age, income, household 
composition, vehicle ownership as well as the living location and participation in other shared 
mobility modes all influence the likelihood to rent their personal vehicle to others. Because of 
the novelty of this type of carsharing model and the lack of data and literature, current study 
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provides an early evaluation of the market and determines which factors will likely to contribute 
to the success of peer-to-peer carsharing.  
In summary, this dissertation research applies data-driven analysis to understand 
perception, adoption, usage, and concerns of emerging technologies and shared mobility. 
Additionally, the study investigates the relationship between the area of public health and 
transportation, and determines how health-related variables impact transportation decisions.  The 
outcomes provide insights to service providers, planning agencies, and policy makers.   
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CHAPTER 1: INTRODUCTION 
 
Sharing economy refers to an emerging business model that allows people to share 
underutilized resources in new and effective ways. The sharing economy concept is very broad 
and can be employed in many different areas but its activities can be divided into four main 
categories: “recirculation of goods, increased utilization of durable assets, exchange of services, 
and sharing of productive assets” (Schor, 2017). The most known and popularly used has been 
the second category, which is increased utilization of durable assets.  
The sharing economy model can be applied to home ownership (when an owner rents out 
a part or all of the home), sharing of car ownership (when an owner receives a monetary reward 
by allowing others to use their car) and associated with car ownership amenities such as charging 
stations/parking or popular ridesourcing companies such as Uber or Lyft (when drivers operate 
their personal vehicles for ridesourcing purposes).  
Sharing economy business models create opportunities for sustainable systems 
development and could provide organizational and environmental benefits in context of 
increasing urbanization (Cohen and Kietzman, 2014). Because of potential benefits that sharing 
economy has to offer, the field of transportation could benefit from applying the sharing 
economy concept to create innovative solutions for moving people and goods. According to the 
report published by Transportation Research Board (2013) the most critical issues in 
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transportation are capacity, safety and negative environmental impacts. Sharing economy and in 
particular shared mobility have potential to relieve some of these issues. Shared mobility could 
be described as “on demand” transportation mode that can be operated between many different 
people to deliver convenient and financially appealing transportation solutions. Le Vine et al. 
(2014) has predicted that shared-mobility systems will allow urban mobility to thrive and will 
become a serious transportation option rather than just an idea worthy experimentation.  
In addition to traditional transportation network companies (TNCs) (e.g. Uber, Lyft) or 
standard carsharing companies, the models of shared mobility could also be applied to future 
modes such as shared automated vehicles (driverless vehicles on-demand that could be shared 
between multiple households), as well as non-motorized transportation modes that include 
micromobility (e.g. bikesharing systems, and electric scooters) or even sharing a flight operated 
by a non-commercial pilot on a private airplane.  
Because on-demand mobility has been experiencing significant growth in all of its sectors 
and revolutionized how people think about transportation, there have been extensive efforts to 
study these phenomena. Due to the relative newness of this field and challenges rooted in policy 
that this field is facing, the implications of shared mobility that range from monetary to non-
monetary have not yet been clearly established.  
This research focuses mainly on the behaviors relating to the adoption patterns and 
perceptions towards shared mobility systems. The current study attempts to identify 
characteristics of groups of people who are more likely to participate in shared mobility and have 
propensity to do so more regularly. Each chapter covers a different mode and includes a separate 
literature review section that is relevant to that particular study area.  
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The first part of this research (Chapter 2) focuses on bikesharing adoption, usage rates 
and mode substitution. The next chapter (Chapter 3) addresses the willingness to adopt shared 
automated vehicles and investigates possible concerns associated with them. Chapter 4 
concentrates on ridesourcing usage rates and factors that affect these rates. Lastly, Chapter 5 
examines the novice concept of peer-to-peer carsharing and in particular the individuals’ 
willingness to rent their vehicle to others and receive a monetary compensation in exchange. 
The intent of this research is to find similarities between groups of users who are willing 
to participate in shared mobility, whether it is to use one of the services or renting out their 
private auto to receive a financial compensation. Because each chapter forms a separate case 
study, it is possible to gain multiple insights about adoption willingness and behaviors that are 
related to transportation choices. Statistical and econometric models are estimated to address and 
examine each of the research objectives. 
1.1 Research Objectives  
There are four main objectives that aim to close gaps in the current body of literature: 
 Understand what factors affect bikesharing usage and auto-trip substitution 
The first objective in this research is to understand what factors determine the usage 
frequency of bikesharing systems. The second part of the same objective will focus on 
identifying what factors play key roles in mode choice and impact the probability of substituting 
a trip that was taken by a shared bike by auto in a case when bikesharing was not available. 
Although the literature on bikesharing is extensive,  there is very limited research that employs 
heterogeneity models and econometric analysis to examine bikesharing related behaviors. 
Additionally, non-standard variables such as body mass index and self-assessed health were 
introduced as explanatory variables in the models. 
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 Assess the willingness to adopt shared automated vehicles  
The second research question intents to provide a better understanding of people’s 
perceptions and attitudes towards shared automated vehicles. In addition to willingness to adopt 
shared automated vehicle systems, concerns associated with them will also be investigated. 
Because shared automated vehicle systems are not available to the public yet, it is important to 
assess the consumers’ potential reactions and willingness to use these systems once they become 
available. Although attitudes, perceptions, and trust in shared automated vehicles are likely to be 
changing as consumers become more familiar with this technology, an initial market assessment 
is important in planning for the future.  
 The role of socio-demographic and health related factors in ridesourcing behavior  
This objective aims to investigate what factors play a key role in determining frequency 
of use of ridesourcing services. In addition to standard variables typically used to model travel 
behavior, non-standard variables such as body mass index (BMI) and self-assessed health will be 
included as explanatory variables. The model estimation results will not only identify which 
groups are using Uber/Lyft-like services more frequently but will also help to understand what 
impact a body mass index and self-assessed health have on ridesourcing behavior.  
 Assess the willingness to rent a personal vehicle to receive a monetary incentive 
The last objective is to explore the willingness to participate in the supply side of shared 
mobility and in particular the propensity to rent out a personal vehicle to receive a financial 
compensation in exchange. This type of business model is slowly entering the market and the 
factors that determine whether or not an individual will be willing to rent their personal vehicle 
to the carsharing fleet are not known yet. Because the policies that support this carsharing 
concept have been only formed in a few states, the research on behaviors relating to it is 
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extremely limited. Therefore, this effort will provide an initial assessment and show how 
different groups perceive sharing of their personal assets (in this case a personal vehicle).  
1.2 Overview of Data Sources 
 To investigate the above objectives the data coming from two different surveys will be 
used. First survey questionnaire was designed and disseminated in 2015 by Dr. Nikhil Menon for 
his dissertation work and the second was designed and disseminated in 2018, which provided 
additional important data source for conducting the studies of this dissertation research.   
Both surveys went through a review by Research Integrity and Compliance Office at The 
University of South Florida (USF) and both of them were “exempt” from the Institutional 
Review Board review (IRB#: Pro00016056; IRB#: Pro00026725).  
 The 2015 survey questionnaire was distributed to the members of AAA South and the 
data collection took place during April and June 2015.  The survey questionnaire contained a 
total of 75 questions. The first part of the survey collected information on general socio-
demographic factors (e.g. age, gender, income, household size and composition), travel patterns 
and travel history (e.g. commute time and distance, commute travel mode, parking time, total 
daily travel time) and crash history. The second part gathered data on consumer perceptions of 
autonomous vehicles while the last part focused on anticipated impacts of automated vehicles 
such as willingness to use different modes of automated vehicles (which included one of the 
main objective of this study: willingness to use shared automated vehicles). A total of 2338 
responses were collected in the 2015 survey, however after performing data cleaning and quality 
control procedures, the number of observations used to investigate the willingness to adopt 
shared automated vehicles was 782. 
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 The second survey questionnaire that was used to investigate bikesharing and 
ridesourcing behaviors as well as the willingness to rent a personal vehicle and it was 
disseminated between February and April 2018. The survey was distributed with help from 
CycleHop Bike Share Company and the University of South Florida mailing list. To increase the 
number of responses and reach a wide variety of socio-demographic groups, the survey was also 
advertised on social media. It contained a total of 82 questions and similarly to the 2015 survey, 
the first part collected detailed information on socio-demographic factors, travel behavior, travel 
patterns, and crash history. The second part focused on shared mobility related behaviors such as 
bikesharing registration, perceptions and attitudes towards bikesharing usage, ridesourcing 
services usage, willingness to adopt shared automated vehicles as well as willingness to rent a 
personal vehicle to others to collect a monetary compensation in exchange. The last part of the 
survey collected health-related data that included height, weight, self-assessed health, and 
presence of illness.   
The survey data used for specific analysis will be discussed in more detail later in the 
corresponding chapters.   
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CHAPTER 2: A STATISTICAL ANALYSIS OF BIKESHARING USAGE AND ITS 
POTENTIAL AS AN AUTO-TRIP SUBSTITUTE 
 
 
2.1 Executive Summary  
Bikesharing has become increasingly popular in urban areas as an alternative active 
transportation mode that can help relieve congestion, mitigate negative environmental impacts, 
and improve public health through increased physical activity. To understand the benefit of 
bikesharing, it is important to identify the factors influencing how often registered users use 
bikesharing, and assess whether and how much their bikesharing use is displacing an auto trip. 
A survey was conducted, and random parameters logit models were estimated to study 
individuals’ bikesharing usage rates and modal substitution. In addition to standard socio-
demographic and travel behavior characteristics of the survey respondents, health-related 
questions were also included in the survey and health-related indicators were considered as 
explanatory variables in the estimated models. It was found that gender, age, income, household 
size, commute type and length, and vehicle ownership all played significant roles in bikesharing 
usage and modal substitution decisions. Regarding health measures, respondents’ body mass 
index (BMI), one of the health-related indicators, was also a significant predictor of bikesharing 
usage. The outcomes of this research provide some initial insights into the bikesharing decision-
making process that can help in the development of policies to improve the performance of 
bikesharing systems and making them a more viable transportation option. 
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2.2 Bikesharing Overview 
The concept of bikesharing has been around since 1960’s, but only recently has it begun 
to receive large-scale acceptance as a viable transportation option (Fishman, 2016; Nikitas, 
2018). However, the success of bikesharing systems can be highly variable because bikesharing 
is inherently tied to a geographical location that is defined by factors such as weather, urban 
density, local culture, or urban form design, and thus each bikesharing system has a set of unique 
characteristics. Depending on location, bikesharing system could exhibit variable popularity, 
level of interest, and operational features. The level of utilization is generally estimated by trips 
per day per bike, in order to determine the number of bikes required in each system (Fishman, 
2016). Smaller networks are at an inherent disadvantage relative to their larger counterparts 
because lower bicycle densities imply less convenient for potential users to find bikes. It has 
been shown that each location and bikesharing network attract different types of users, including 
commuters, students, local residents, or tourists (O’Brien et al., 2014). Depending on the trip 
purpose and type of user, the trip duration can vary. However, it has been found that, with the 
data from Melbourne, Brisbane, Washington, D.C., Minnesota and London, the average 
bikesharing trip lasts between 16 and 22 minutes (Fishman et al., 2014). Interestingly, many 
bikesharing users do not seem to be regular users but rather use these programs as a complement 
to their primary mode of transportation (Fishman, 2016). Also, the factors influencing 
individuals’ decision to participate in bikesharing can vary significantly. Because of the wide 
spectrum of factors (environmental and personal) influencing whether someone decides to use 
bikesharing, and the complexities of human decision making, understanding bikesharing use has 
been challenging.  
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In addition, the impacts of active transportation on public health have been extensively 
studied (Ewing et al., 2003; Frank et al., 2004; Giles- Corti et al., 2003; Saelens et al., 2003; 
Lopez, 2004).  However, how the health conditions (or perceived health conditions) of travelers 
affect their decisions of travel and mode choice, especially regarding active transportation, is not 
yet fully understood. Past studies targeting cycling behavior indicated that physical capability is 
an implicit constraint in the choice of bicycle use (Stinson and Bhat, 2004; Smith and 
Kauermann, 2011; Ehrgott et al., 2012; Garcia-Palomares et al., 2012; Larsen et al., 2013; Habib 
et al., 2014; Wadud, 2014), although this has often not been considered explicitly (Philips et al., 
2018). In recognition of the potential issues associated with not explicitly considering physical 
capability, Menghini et al. (2010) suggested the need to investigate the heterogeneity of cyclists 
in more detail. Further, McArdle (2010) pointed out that age, gender, body mass index, and 
levels of physical activity are all known to be key determinants of fitness and thus the capability 
to cycle, and Shaheen (2016) indicated that understanding the physical and behavioral casual 
factors associated bikesharing usage remains a key challenge. Thus, in the survey questionnaire 
designed for this research, the typical set of socio-demographic variables was expanded with 
health-related variables such as height, weight and self-reported health status. This data 
expansion was an attempt to minimize unobserved heterogeneity and potential omitted-variables 
bias in statistical-model estimation. It was hypothesized that body mass index (BMI) and overall 
wellbeing will be significant factors determining one’s willingness to use an active transportation 
mode (such as bikesharing) on more regular basis, and that these factors will affect their 
likelihood of using bikesharing as a substitute for auto trips. 
The survey questionnaire was disseminated through multiple channels such as CycleHop 
registered users list, University of South Florida mailing list, as well as social media. The 
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questionnaires (distributed between February and April of 2018) incorporated a number of 
detailed questions relating to bikesharing, health, and socio-demographics. These collected data 
were then used to estimate two mixed logit models (random parameters logit models) addressing 
the frequency of bikesharing use and mode substitution while incorporating health-related 
factors.  
The remainder of this chapter begins with a literature review that focuses on various 
elements of bikesharing usage and modal substitution, followed by a detailed description of the 
survey, research design, methodological approach, and model estimation results. Finally, the 
chapter concludes with a summary and discussion of key findings.   
2.2.1 Bikesharing as a Sustainable Mode of Transportation 
Because biking does not involve harmful emissions while offering flexibility and 
convenience, it has become a valuable and environmentally friendly alternative to short auto trips 
in urban areas. The National Association of City Transportation Officials (2017) estimated that 
25 percent more bikesharing trips were taken in 2016 than in 2015, and they also indicated that 
bikesharing growth is likely to continue in future years as more people recognize it as a low cost 
and health-inducing transportation option. Other research has found bikesharing to increase 
mobility, reduce transportation cost, mitigate traffic congestion, decrease fuel consumption, 
increase use of public transit, enhance environmental awareness, serve economic development, 
as well as improve health (Shaheen et al., 2016). Fishman et al. (2014) estimated that there was a 
significant reduction in motor vehicle use due to the presence of bikesharing systems. Their 
analysis was performed in the cities located in the United States, Great Britain, and Australia, 
and in every one of these cities a decrease in auto usage was found. Lu et al. (2018), who studied 
bikesharing in East Asia, reported benefits of bikesharing to include reductions in greenhouse 
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gas emissions and fuel consumption, increased public transport use, improved accessibility, 
decreased traffic congestion and noise, lower travel cost, and increased physical activity and thus 
improved health and physical fitness. Such results have also been supported by other studies 
(Shaheen et al., 2010; Shaheen et al., 2013; Bauman et al., 2016; Pal and Zhang, 2017). 
Bikesharing has also experienced significant growth in university-campus environments. 
This is because universities tend to have high population densities, large percentages of smart 
phone users, and extensive demands for shorter trips (between buildings on campus and to/from 
nearby student housing), all of which are potentially important ingredients for bikesharing 
success.  Indeed, sustainability plans have become a concern in campus design and a bikesharing 
program is often a key element of such plans (Balsas 2003; Norton et al. 2007), because it can 
reduce traffic and parking congestion on and around campuses (Kaplan and Knowles, 2015).  
With regard to the environmental factors, multiple studies have found that they play a 
significant role in willingness to use bikesharing (Nikitas, 2018). Some research revealed that 
proximity to the workplace or home tends to increase the usage of bikesharing systems (Shaheen 
et al., 2011; Molina-Garcia et al., 2015). In other work, Sun et al. (2017) studied the impact of 
environmental factors on bikesharing usage and found that traffic congestion did not influence 
the usage of bikesharing. On the other hand, bus accessibility was found to be positively 
associated with the usage of bikesharing, while metro accessibility was negatively associated 
with the usage. As expected, safety also plays a key role in bikesharing usage, and Sun et al. 
(2017) found that both on-street and off-street violent crimes tended to decrease the usage of 
bikesharing systems. Other studies found high population density, high levels of public transit 
accessibility, and the presence of upgraded facility types (bicycle lanes or bicycle paths), tended 
to increase the usage of bikesharing systems (Faghih-Imani et al., 2014; El-Assi et al., 2017).  
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Although, bikesharing systems in different locations could have different designs, scales, 
numbers and types of customers, they all share similarities with regard to user attitudes and 
perceptions. The discrepancy between the desire to use a bikesharing program and the actual use 
has to do with impediments, which could be self-imposed or based on factors out of the users’ 
control, such as the weather (Kaplan and Knowles, 2015). It should be noted that because the 
data in the current study will be drawn from bikesharing registrants in the state of Florida (with 
its highly favorable weather), the possibility to explore some of these impediments (such as 
weather) will be limited. 
2.2.2 Socio-demographics of Bikesharing Users 
Prior research has provided considerable insight into the relationship between socio-
demographic characteristics and bikesharing usage. With regard to gender, Pucher et al. (2011) 
identified that about 65% to 90% of trips are done by men in countries where biking did not 
serve as a primary mode of transportation (US, UK, and Australia). In a study performed in 
London, less than 20% of bikesharing trips were made by females (Goodman and Cheshire, 
2014). Akar et al. (2013) also found that women were less likely to ride a bicycle relative to men.  
In Netherlands, in contrast, more women than men use bicycles (Harms et al., 2014). 
Where age is concerned, Buck et al. (2013) found that the users of bikesharing systems in 
Washington D.C. were, on average, younger than local cyclists. The average age for local 
cyclists was found to be 42 years old, whereas the average age for annual members of the 
bikesharing system and short-term users was 34 and 35 years old, respectively. In the U.S., 
Pucher, et al. (2011), concluded that the number of 40 to 64-year-old cyclists increased the most 
of all the age groups that they studied between 2001 and 2009. During the eight years, cyclists in 
this age group doubled their share of bike trips.  
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Ethnicity has also been found to be an important factor determining whether an 
individual uses a bikesharing system. Studies in Washington D.C. and London found that the 
bikesharing population is not representative of the overall population composition of these cities 
(Buck et al., 2013; Fishman, 2016). Caucasians were over represented in the samples of 
bikesharing users relative to other ethnicities. Similarly, Borecki et al. (2012) found that 
bikesharing in Washington D.C. was largely undertaken by Caucasians.  
With regard to income, prior studies found that people who use bikesharing had higher 
average income (Woodcock et al., 2014; Fishman et al., 2015; Fishman 2016). Also, Shaheen et 
al. (2014) found that bikesharing participants tended to be wealthier. 
Another perspective on analyzing bikesharing adoption was undertaken by Gulsah et al. 
(2013). Their analysis was performed on the Ohio State University campus and was able to 
reveal some of the gender differences, as well as gender-based preferences and attitudes towards 
bikesharing.  Although the surveyed population stayed in similar environments, women were 
found to feel less safe walking and biking (Gulsah et al., 2013). In other studies, traffic, lack of 
awareness of bike lanes, pedestrians, safety and campus design were found to be main 
impediments to bikesharing usage (Kaplan and Knowles, 2015). Similarly, Swiers et al. (2017) 
analyzed the cycling behavior of a university-student population and found that the two primary 
barriers to cycling were weather and safety. 
Stinson and Bhat (2004) found a positive relationship between recreational cycling and 
cycling to commute. Moreover, Xing et al. (2010) found that 90% of those who cycled for 
commuting purposes were cycling for other purposes as well. These relationships in cycling 
behavior also suggest an association between cycling and other modes of transportation 
(Wuerzer and Mason, 2015).  
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There is also an extensive body of literature that links transportation and public health. 
The fact that active transportation modes help fight obesity and improve health has been 
addressed by many studies. Also, a correlation has been found between being overweight and 
living in less walkable communities (Ewing et al., 2003; Frank et al., 2004; Giles- Corti et al., 
2003; Saelens et al., 2003; Lopez, 2004). Furthermore, Strum and Cohen (2004) found an 
association between urban sprawl in metropolitan areas and the prevalence of chronic diseases. 
Active transportation was also shown to significantly improve population health in California, 
with potential decreases in chronic diseases (Maizlish et al., 2017).  
Other researchers have analyzed the connection between active transportation, health, and 
the usage of social networking services.  For example, Hong et al. (2018) found that intensive 
users of social networking services were more likely to be obese, and tended to spend less time 
walking, making this group a natural target for interventions designed to increase physical 
activity.  
Past research has shown that expanding the set of variables could be essential to more 
fully understand bikesharing behavior and developing strategies for bikesharing implementation 
and adoption. For example, Earl and Lewis (2018) suggested examining the role of context in 
health behavior and emphasized the importance of considering the environment while trying to 
influence health behavior.  
In the current research, in addition to traditional socio-demographic characteristics, travel 
behavior, and travel history variables, the body mass index (BMI) will be considered as an 
explanatory variable. The BMI gives an estimation of excess body weight. Although it is not a 
direct estimate of body fatness, some studies have confirmed that BMI does correlate with body 
fat measurements, which may affect individual’s physical mobility and furthermore the 
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willingness to engage in active transportation. Body mass index does have its limitations because 
of natural variances across factors such as age, gender, ethnicity and body composition (BMI 
does not distinguish between excess fat, muscle, water or bone). However, BMI is non-invasive, 
easily calculated, and despite these limitations, it has been widely recognized as a good overall 
predictor of morbidity, mortality and a good assessment of individual’s health status.  
2.3  Survey and Research Design 
A web-based survey was designed to collect the data on the bikesharing usage of 
registered bikesharing users.  The survey dissemination took place between February and April 
of 2018. To make sure that a wide variety of demographic groups was reached, multiple 
distribution channels to disseminate the survey were used. CycleHop Bike Share Company, 
which operates bikesharing programs in Tampa, St. Petersburg, Orlando and the University of 
South Florida (Tampa campus) assisted in distributing the survey to its registered users as well as 
posting it on social media. To increase the number of responses, the survey was also sent to the 
students and faculty of the University of South Florida Tampa campus (where one of the 
bikesharing programs is operating) through an on-campus email list. Respondents were asked 
about their use frequency of bikesharing; less than once a month, 1 to 3 times per month, 4 to 5 
times per month, 6 to 10 times per month, and more than 10 times per month. Because the 
literature review concluded that bikesharing users in the United States do not generally use 
bikesharing on a regular basis, the survey did not ask about the actual number of uses but rather a 
usage category. Based on the number of observations in each category, the data were divided 
into two groups; one group indicating that they typically use bikesharing less than once a month, 
and the other group indicating that they typically use bikesharing once a month or more. Of the 
301 registered bikesharing users, 165 fall in the first group and 134 the second.  
 
16 
 
The second question in the survey focused on mode substitution. That is, which mode of 
transportation would the respondent use if bikesharing was not available on a trip that they had 
chosen to ride a shared bike. Because the substitution of auto trips is critical in terms of 
environmental impacts and traffic congestion mitigation in urban areas, the focus was on 
identifying the characteristics of the group who would make their bikesharing trip by auto if 
bikesharing was not available on a trip they chose to use shared bikes. Out of 301 respondents, 
140 indicated that they would use an automobile in the absence of bikesharing while the 
remaining 161 would use other modes including bus, personal bicycle, or walking.  
The survey covered a variety of socio-demographic and household characteristics, as well 
as travel behavior and travel history characteristics (commute time and distance, traffic-crash 
history, parking time, grocery store proximity, total daily travel time, and so on). Furthermore, 
health-related questions such as weight, height and self-assessed health were added. Given the 
responses, the body mass index (BMI) was calculated using self-reported height and weight. In 
the sample, 175 respondents had a normal BMI (BMI equals to 25 or less), 81 people were 
classified as overweight (BMI between 25 and 30), and 45 respondents were classified as obese 
(BMI greater than 30). The respondents were asked to assess their health on the following scale: 
extremely bad, slightly bad, neither good nor bad, good, extremely good. In the collected sample 
only 1% reported their health as extremely bad, followed 3% as slightly bad, 4% as neither good 
nor bad, whereas 61% indicated good health and 31% extremely good. Respondents were also 
asked if they struggled with any illness or health condition on daily bases, and only 34 of the 301 
respondents indicated such a struggle. Because of the exploratory nature of incorporating the 
health questions and potential issues with confidentiality regarding health information, the type 
of illness or health condition was not specified. 
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To get a sense of the respondent sample, Table 1.1 provides summary statistics for 
selected respondent attributes. 
2.4  Methodological Approach 
In this study, two questions were considered; whether the survey respondent bikeshares 
one or more times per month (monthly usage), and whether the respondent would make an auto 
trip if bikesharing was not available on a trip they had chosen to bikeshare. 
The above responses are discrete with a yes/no response indicating either monthly usage 
or auto trip substitution. To arrive at an estimable statistical model for both questions, a function 
that determines the probability of either using one or more times per month or substituting an 
auto trip (1 if the respondent is a monthly bikesharing user/substituting a bikesharing trip by an 
auto trip, 0 if not) was defined as,  
n n nF                               (1) 
where Xn is a vector of explanatory variables that affect the probability of observation n being a 
monthly bikesharing user/substituting a bikesharing trip, β is a vector of estimable parameters, 
and εn is a disturbance term. If the disturbance term is assumed to be generalized extreme-valued 
distributed, a standard binary logit model results as (McFadden, 1981) 
1
1 ( )
n
n
P
EXP

  βΧ
      (2) 
where Pn(1) is the probability of the respondent being a monthly user/substituting a bikesharing 
trip, and other variables are as previously defined.  
In model estimation, it is essential to account for the possibility of unobserved 
heterogeneity across respondents. That is, the possibility that different respondents will be 
affected by explanatory variables differently due to unobserved reasons (this is particularly likely 
while analyzing complex human decision-making processes). To account for the possibility of 
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having one or more parameter estimates in the vector β vary across respondents, a distribution of 
these parameters can be assumed, and Equation 2 can be rewritten as (Washington et al., 2011) 
1
(1) ( )
1 ( )
n
n
P f d
EXP

 
   

      (3) 
where f(βi|φi) is the density function of β, φ is a vector of parameters describing the density 
function (mean and variance), and all other terms are as previously defined. The resulting model 
is referred to as random parameters or mixed logit model (see Mannering et al., 2016, for a 
description of alternate methods of accounting for unobserved heterogeneity). 
In the model estimation, the possibility for the mean and variance of individual 
parameters to be a function of explanatory variables is also considered giving (Seraneeprakarn et 
al., 2017; Behnood and Mannering, 2017; Mannering, 2018),  
          ( )n n n n n nEXP   W                          (4) 
where β is the mean parameter estimate, Zn is a vector of explanatory variables that influence the 
mean of βn, Θ is a vector of estimable parameters, Wn is a vector of explanatory variables that 
captures heterogeneity in the standard deviation σn, ωn is the corresponding parameter vector, 
and φn is a randomly distributed term that captures unobserved heterogeneity across respondents. 
Estimation of the random parameters logit model was undertaken by simulated maximum 
likelihood approaches because the required integration of the logit formula over the distribution 
of parameters is not closed form. Prior research has shown that Halton draws can deliver more 
efficient distribution of simulation draws than purely random draws (McFadden and Ruud, 1994; 
Bhat, 2003), and 1,000 Halton draws were used in the estimation process. This is a number that 
has been shown to be more than enough to provide accurate parameter estimates (Bhat, 2003; 
Milton et al., 2008; Anastasopoulos and Mannering, 2009; Behnood and Mannering, 2016). In 
this study, the normal distribution was used for random parameters because it provided the best 
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statistical fit for both response models (other distributions such as the log-normal, uniform, and 
exponential were not found to produce statistically better results than the normal distribution). It 
should be noted that additional approaches to address the unobserved heterogeneity have been 
widely applied in accident and injury-severity research (Benhood and Mannering, 2016; Osama 
and Sayed, 2017; Fountas and Anastasopoulos, 2018; Fountas et al., 2018; Marcoux et al., 2018; 
Balusu et al., 2018). 
Marginal effects were calculated to determine the effect that individual explanatory 
variables have on response probabilities. The marginal effect of an explanatory variable gives the 
effect that a one-unit increase in an explanatory variable has on the response probabilities. For 
indicator variables (that assume values of zero or one), marginal effects will give the effect of the 
explanatory variable going from zero to one (Washington et al., 2011).  
2.5 Model Estimation Results 
Table 1.2 presents the summary statistics of variables found to be statistically significant 
in both models. Tables 1.3 and Table 1.4 provide the random parameters logit model estimation 
results, including parameter estimates, t-statistics and marginal effects, for the usage of 
bikesharing and auto-mode substitution, respectively. The statistically significant explanatory 
variables in Table 1.3 and Table 1.4 were grouped into three categories; socio-demographic 
factors, travel behavior and history, and health indicators.  
As shown in Tables 1.3 and 1.4, two variables in each model produced statistically 
significant random parameters. This significance was confirmed by conducting a likelihood ratio 
test to compare the random parameters logit model with fixed parameters model. For both 
models (as shown in Tables 1.3 and 1.4) the test rejected the null hypothesis that fixed and 
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random parameters models are the same with over 95% confidence. Thus, only the results of 
random parameters models are presented.  
All explanatory variables are in the “Yes” response functions (use bike sharing once a 
month or more/substituting a bikesharing trip by an auto trip) with the “No” response functions 
(for both models) implicitly set to zero. Also, estimation results indicate that no variables 
produce an estimated parameter with statistically significant heterogeneity in the means and/or 
variances, so Equation 4 reduces to βn = β + φn. 
2.5.1  Model Estimation Results: Regular Use of Bikesharing 
With regard to the socio-demographic factors affecting the probability of registered 
bikesharing users using shared bikes one or more times per month (see Table 1.3), it was found 
that male respondents were more likely to be regular bikesharers (use it once a month or more). 
This finding aligns with prior research stating that males are more likely to use bikesharing in 
general (Pucher and Buehler, 2012; Goodman and Cheshire, 2014; Akar et al., 2013). The 
average marginal effect indicates that males have a 0.17 higher probability of using shared bikes 
one or more times per month relative to females. 
Respondents who identified themselves as Caucasian were found to be more likely to use 
bikesharing regularly. This result also aligns with prior studies that found Caucasians to be over 
represented in samples of bikesharing users relative to other ethnicities (Buck et al., 2013; 
Fishman, 2016; Borecki et al., 2012). Households with an annual income below $50,000 
produced a normally distributed parameter with a mean of -1.03 and a standard deviation of 4.60. 
This results in 58.9% of respondents from these households being less likely to use bikesharing 
one time a month or more, and 41.1% respondents being more likely to do so (relative to 
respondents from households making $50,000 or more per year). This finding is important 
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because it shows considerable variation among lower-income households. While previous 
studies found that bikesharing membership and usage is usually associated with higher incomes 
(Fishman et al., 2015; Fishman 2016; Woodcock et al., 2014; Shaheen, et al., 2014), the variance 
that was found in this effect shows that some respondents in lower-income households have 
higher bikesharing usage than their higher-income counterparts. Thus, bikesharing in lower 
socioeconomic areas could be viable and help improve equality and mobility of the most 
vulnerable members of the society. The variation in this effect across low-income respondents 
also suggests that there are factors relating to low-income respondents that are not captured by 
income alone (reflected by the significant unobserved heterogeneity).  
Respondents from single-person households were found to be more likely to be regular 
users compared to respondents from households with multiple occupants. This finding could be 
related to the presence of children in the household. Intuitively, the presence of children makes it 
harder for an individual to use a bicycle in general. Lack of the appropriate bike seats for small 
children coupled with the vehicle-dominant facilities do not encourage but rather discourage 
bikesharing use among individuals with small children.  It is important to stress the fact that most 
environments and bikesharing systems do not cater to the caregivers of small children, especially 
in a context of equality and equity in transportation.  
With regard to travel behavior and history, the indicator variable for commuters who 
mostly commute by driving alone and those who do not commute at all were found to be less 
likely to bikeshare regularly. For drive-alone commuters, the average marginal effect is quite 
large (in absolute terms) at -0.45 indicting that drive-alone commuters have a 0.45 lower 
probability of bikesharing one or more times per month than non-drive-alone commuters. 
Additionally, respondents who spent more than 90 minutes on total daily travel were found to be 
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more likely to use bikesharing once a month or more, again with a relatively large average 
marginal effect of 0.29. As might be expected (reflecting the ease of vehicle access and usage), 
respondents from households with higher vehicle ownership (owning or leasing three or more 
vehicles) as well as those whose average parking time for their most regular trip that is less than 
5 minutes (including finding a spot and walking to the destination) were less likely to use 
bikesharing one or more times a month. 
Finally, respondents with BMI scores over 25 produced a normally distributed parameter 
with a mean 0.30 and a standard deviation of 1.87. This results in 56.4% respondents more likely 
to be a regular bikesharing user and 43.6% of respondents with high BMI being less likely, 
relative to their lower BMI counterparts. The fact that higher BMI respondents have higher usage 
probabilities than some of their lower BMI counterparts shows that bikesharing has some 
significant potential for improving public health. The fact that BMI was found to be significant 
factors in the model again underscores the importance of health-related factors in considering 
active-transportation modes such as bikesharing.  
To assure that the model with inclusion of the high BMI indicator provides statistically 
better fit for the data, a model without this variable was estimated. A likelihood ratio test 
comparing models with and without the BMI variable indicates that the null hypothesis that the 
models are the same can be rejected with 93% confidence. Also, for bikesharing usage there is 
the possibility that BMI could be an endogenous variable. That is, respondents who have high 
bikesharing usage rates may lower their BMI. However, in this case it is unlikely that the 
bikesharing usage rates are high enough to directly affect BMI, although some caution should 
still be exercised when interpreting our results in this regard. 
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2.5.2 Model Estimation Results: Auto-Trip Substitution  
With regard to the socio-demographic variables influencing the probability that a 
bikesharing trip would be substituted by an auto trip if bikesharing was not available (see Table 
2.4), it was found that people who identified themselves as male produced a normally distributed 
parameter with a mean -0.82 and a standard deviation equal to 5.30. This suggests considerable 
heterogeneity among male respondents. The estimation results imply that 56.1% of males who 
use bikesharing were less likely to make the trip by auto if bikesharing was not available and 
43.9% being more likely to do so. Once again, gender was found to play a key role in 
bikesharing-related behavior. The findings are generally consistent with prior studies that found 
males to be more likely to use bikesharing in general (Pucher and Buehler, 2012; Goodman and 
Cheshire, 2014; Akar et al., 2013), but the considerable heterogeneity among male bikesharing 
users with regard to their substituting a bikesharing trip with an auto trip is an interesting finding. 
With regard to age, it was found that bikesharing respondents who are less than 30 years old 
were more likely to make an auto trip in the absence of bikesharing. It is noteworthy that other 
researchers have also found age to be a significant variable in bikesharing (Pucher, et al., 2011; 
Buck et al., 2013). Respondents with annual household income above $200,000 were found to be 
less likely to substitute their bikesharing trip by an auto trip in the absence of bikesharing. This 
finding suggests that high-income households are less likely to increase their auto usage and they 
are more likely switch to another mode of active transportation in the absence of bikesharing. 
Prior studies also found income to be a significant variable while analyzing bikesharing. People 
who used bikesharing were found have higher average income (Woodcock et al., 2014; Fishman 
et al., 2015; Fishman 2016).  
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With regard to travel behavior, respondents who commute by driving alone were found to 
be more likely to substitute their bikesharing trip by an auto trip in the absence of bikesharing. 
The high average marginal effect of this variable indicates that respondents that most often drive 
alone have a 0.32 higher probability of substituting their trip by auto relative to respondents that 
regularly commute by other means. This finding is like that found in the previous bikesharing 
usage model (see Table 2.3) and reflects the substantial residual effect of the auto culture among 
bikesharing registrants. Respondents who indicated a very low time (less than 3 minutes) to find 
a parking spot during their most regular trip and those whose households owned or leased three 
more vehicles, were found to be less likely to use an auto trip in the absence of bikesharing. 
Regarding the health indicators, respondents who had body mass index in the obese range 
(BMI above 30) produced a normally distributed parameter with a mean 1.40 and a standard 
deviation 2.32. This shows considerable variation across the population with regard to the effect 
of BMI, with 72.7% of people with the obese BMI being more likely to substitute their 
bikesharing trip with an auto trip if bikesharing was not available and 27.3% being less likely.  
Like the previous model on the usage of bikesharing, a separate model without the BMI 
indicator was estimated to underscore the statistical importance of the BMI indicator. A 
likelihood ratio test comparing the models with and without the BMI variable indicated that the 
hypothesis that the two models were equal could be rejected with over 99% confidence. 
2.6 Summary and Conclusions 
This research focuses on exploring the determinants of bikesharing use, and its potential 
as an auto-trip substitute, by including self-reported health factors. Both estimated statistical 
models provide insights into how various survey respondents behave with regard to bikesharing 
decisions. For the frequency-of-use model it was found that Caucasian males, respondents from 
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one-person households, and those with high total daily travel times (for all trips) were more 
likely to be a regular user of bikesharing (use it at least once a month). In contrast, respondents 
who drove alone for their commute trip and those who do not commute at all were less likely to 
bikeshare regularly. Also, respondents from households with higher auto ownership (leased or 
owned at least three vehicles) and low average parking time during their most regular trip were 
less likely to use bikesharing at least once a month. Variables that were found to vary across 
respondents included low annual household income (below $50,000) and the high body mass 
index (BMI) indicators.  
With regard to the auto-mode substitution model (asking if a respondent would make an 
auto trip if bikesharing was not available), younger respondents (under 30 years old) were found 
more likely to make an auto trip in the absence of bikesharing. In contrast, those from 
households with annual household income more than $200,000 were found to be less likely to 
make an auto trip in the absence of bikesharing. Respondents who identified themselves as male 
were less likely to exhibit homogenous behavior and this parameter varied across population. 
With regard to travel behavior, it was found that respondents who commuted by driving alone 
were more likely to make an auto trip if bikesharing was not available. In contrast, those who 
spent less than 3 minutes to find parking for their most regular trip and those whose households 
owned or leased three or more vehicles were less likely to make an auto trip. Obese BMI 
indicator (BMI above 30) was found to vary across population, which reflected the willingness 
of a percentage of this group being less likely to make an auto trip in the absence of bikesharing. 
This is important because it suggests that some people with obese BMI are willing to improve 
their health through participating in active transportation.  
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The results of this objective can potentially help guide and develop our understanding of 
how bikesharing decisions are made. Household composition and vehicle ownership were found 
to be some of the key factors in decisions related to bikesharing behavior. It was also found that 
the lingering effects of auto reliance (reflected by respondents who indicated that most often 
commuted by driving alone) adversely affected the likelihood of a registered bikesharing user 
using bikesharing frequently or substituting their bikesharing trip with a non-auto mode. Finally, 
the model estimations did not show that self-reported health-related factors other than BMI 
played a significant role in bikesharing use and behavior. While the self-reported health question 
was unable to produce statistically significant results, variables derived from actual detailed 
health data may still prove valuable in future research on bikesharing behavior. 
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2.7 Summary Statistics and Model Estimation Results Tables 
Table 2.1 Selected key survey statistics 
Respondent Characteristic Mean Standard Deviation 
Age (in years) 38 13.8 
Height (in inches) 67.9 4.1 
Weight (in pounds) 165 37.6 
Body Mass Index 25.1 4.8 
Household size (persons) 2.2 1.1 
Household vehicle ownership (vehicles) 1.87 1 
Annual household income (in dollars) 85,000 58,000 
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Table 2.2 Summary statistics for variables included in final model estimations 
Variable Description  Mean Standard Deviation 
Male indicator (1 if respondent is a male, 0 otherwise) 0.46 0.50 
Caucasian indicator (1 if respondent is Caucasian, 0 otherwise) 0.76 0.43 
Younger millennial indicator (1 if respondent is less than 30 years 
old, 0 otherwise) 
0.53 0.50 
Low annual household income indicator (1 if annual household 
income is less than $50k, 0 otherwise) 
0.35 0.48 
One-person household indicator (1 if respondent lives alone, 0 
otherwise) 
0.24 0.43 
High annual household income indicator (1 if annual household 
income is more than $200k, 0 otherwise) 
0.12 0.33 
Drive-alone commute indicator (1 if respondent most often 
commutes to work by driving alone, 0 otherwise) 
0.72 0.45 
Lack of commute indicator (1 if respondent does not commute, 0 
otherwise) 
0.06 0.24 
Daily travel time indicator (1 if respondent spends 90 minutes or 
more on total daily travel, 0 otherwise) 
0.08 0.28 
Higher vehicle ownership (1 if household owns or leases three or 
more vehicles, 0 otherwise) 
0.21 0.41 
Low average parking time indicator (1 if respondent spends less 
than 5 minutes total on finding a spot and walking to their 
destination, 0 otherwise) 
0.66 0.47 
Low parking time indicator (1 if respondent spends less than 3 
minutes on finding a parking spot during a normal trip, 0 
otherwise) 
0.79 0.41 
High BMI (body mass index) indicator (1 if respondent has BMI 
above 25, 0 otherwise) 
0.42 0.49 
Obese BMI (body mass index) indicator (1 if respondent has BMI 
above 30, 0 otherwise) 
0.15 0.35 
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Table 2.3 Random parameters logit model estimation results for the probability of using 
bikesharing one or more times per month (all random parameters are normally distributed) 
 
Variable Description  
Estimated 
Parameter 
 
t-Statistic 
Marginal 
Effect 
Constant 1.16 2.72  
Socio-demographic factors    
Male indicator (1 if respondent is a male, 0 
otherwise) 
0.72 2.77 0.17 
Caucasian indicator (1 if respondent is Caucasian, 0 
otherwise) 
0.50 1.86 0.12 
Low annual household income indicator (1 if annual 
household income is less than $50k, 0 otherwise) 
(Standard deviation of parameter distribution) 
-1.03 (4.60) -3.08 (5.79) -0.25 
One-person household indicator (1 if respondent 
lives alone, 0 otherwise) 
0.53 1.91 0.13 
Travel behavior and history    
Drive-alone commute indicator (1 if respondent 
most often commutes to work by driving alone, 0 
otherwise)  
-1.85 -5.30 -0.45 
Lack of commute indicator (1 if respondent does not 
commute, 0 otherwise)  
-1.51 -2.86 -0.37 
Daily travel time indicator (1 if respondent spends 
90 minutes or more on total daily travel, 0 
otherwise) 
1.19 2.69 0.29 
Higher vehicle ownership (1 if household owns or 
leases three or more vehicles, 0 otherwise) 
-0.64 -2.05 -0.16 
Low average parking time indicator (1 if respondent 
spends less than 5 minutes total on finding a spot 
and walking to their destination, 0 otherwise) 
-0.97 -3.55 -0.24 
Health indicators    
High BMI (body mass index) indicator (1 if 
respondent has BMI above 25, 0 otherwise) 
(Standard deviation of parameter distribution) 
0.30 (1.87) 1.21 (5.08) 0.07 
Number of observations 301   
Log likelihood at zero -232.20   
Log likelihood at convergence -174.22   
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Table 2.4 Random parameters logit model estimation results for the probability that a 
bikesharing trip would be substituted by an auto trip if bikesharing was not available (all random 
parameters are normally distributed) 
 
Variable Description  
Estimated 
Parameter 
 
t-Statistic 
Marginal 
Effect 
Constant -0.22 -0.59  
Socio-demographic factors    
Male indicator (1 if respondent is male, 0 otherwise) 
(Standard deviation of parameter distribution) 
-0.82 (5.30) -2.68 (5.97) -0.20 
Younger millennial indicator (1 if respondent is less 
than 30 years old, 0 otherwise) 
0.55 2.17 0.13 
High annual household income indicator (1 if annual 
household income is more than $200k, 0 otherwise)  
-0.69 -1.84 -0.17 
Travel behavior and history    
Drive-alone commute indicator (1 if respondent 
most often commutes to work by driving alone, 0 
otherwise)  
1.31 4.63 0.32 
Low parking time indicator (1 if respondent spends 
less than 3 minutes on finding a parking spot during 
a normal trip, 0 otherwise)  
-1.14 -3.59 -0.28 
Higher vehicle ownership (1 if household owns or 
leases three or more vehicles, 0 otherwise) 
-0.53 -1.86 -0.13 
Health indicators    
Obese BMI (body mass index) indicator (1 if 
respondent has BMI above 30, 0 otherwise) 
(Standard deviation of parameter distribution) 
1.40 (2.32) 3.18 (3.29) 0.34 
Number of observations 301   
Log likelihood at zero -208.6   
Log likelihood at convergence -181.6   
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CHAPTER 3: SHARED AUTOMATED VEHICLES: A STATISTICAL ANALYSIS OF 
CONSUMER LIKELIHOODS AND CONCERNS  
 
3.1 Executive Summary  
Shared automated vehicles have the potential to revolutionize future transportation mode 
choice. Because shared automated vehicles could be a disruptive transportation modal 
alternative, understanding the factors that may affect the likelihood of using and possible 
concerns is extremely important. To do so, the current case study uses a survey of American 
Automobile Association (AAA) members to ask whether or not survey respondents were willing 
to use shared automated vehicles if they became available, and we also asked their main 
concerns associated with this technology (safety, privacy, reliability, travel time or travel cost). 
The survey was distributed to members of AAA Southern Region, covering 12 U.S. States that 
are representative of the U.S. population and AAA membership is fairly inclusive with one in 
four families being members in the U.S. Two random-parameter logit models were estimated to 
gain insights into the likely usage/concerns processes. Some of the key variables playing 
statistically significant roles in the willingness to use of shared automated vehicles process were 
ethnicity, household size, daily travel times, and vehicle crash history. With regard to shared 
automated vehicle concerns, we were also able to identify the characteristics of respondents who 
were more or less likely to be concerned with safety, reliability, privacy, and travel time/travel 
cost. While the opinions and perceptions towards shared automated vehicles are likely to 
fluctuate in the coming years as more and more information relating to the potential of such 
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sharing becomes available, our findings provide an important initial assessment before this 
technology becomes widely available to the public. The more is known about shared automated 
vehicles and their early adopters, the better and seamless the potential modal transition can be. 
Learning what groups of people are more or less willing to use this technology will help to 
improve the overall mobility of all. Combining the significant variables provides a rough profile 
description of early users of shared automated vehicles and their environment. This helps to 
prioritize possible investments (urban vs. rural) and allows the policy and auto makers to identify 
the critical needs of the users. This initial assessment provides the characteristics of early 
adopters and their travel behavior. The model estimation results clearly show that different socio-
demographic groups value different aspects and have different concerns relating to shared 
automated vehicles.  
3.2 Introduction to Shared Automated Vehicles  
The term sharing economy has been widely used in recent years by scientists, economists 
and people in both public and private sectors.  It refers to new emerging business models that 
allow people to share underutilized resources in more effective ways. The concept of a sharing 
economy could have considerable impact on transportation systems. Shared mobility, the shared 
use of a motor vehicle, bicycle, or other low-speed transportation mode, is one facet of the 
sharing economy (Shaheen et al., 2016) and has the potential to disrupt the current transportation 
system (Meyer and Shaheen, 2017). In fact, in recent years there has been a growing focus on 
shared mobility as a key element of a sustainable transportation paradigm. The generalization of 
a shared mobility typology could include bikesharing, carsharing, ride-sharing, and the sharing-
related potential of private and public transportation network companies (Kodransky and 
Lewenstein, 2014). However, shared mobility also includes ridesourcing companies such as   
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Lyft and Uber as well as courier network services and flexible good delivery (Shaheen et al., 
2016). 
Low vehicle-occupancies, high crash rates combined with high levels of greenhouse gas 
emissions create an opportunity for shared automated vehicles to enter the market and improve 
some of these issues (Transportation Research Board, 2013; Greenblatt and Shaheen, 2015; Bills 
and Walker, 2017). Also, in cases when physical disability is a barrier to mobility and 
accessibility, shared automated vehicles could be a valuable transportation option. In particular, 
groups of users who are visually or physically impaired could find this new transportation mode 
most helpful (assuming that the price of the service is not a major constraint).  
In terms of carsharing, the likely forthcoming introduction of fully driverless vehicles has 
the potential to substantially alter the mindset with regard to sharing in the context of privately-
operating vehicles (Fagnant and Kockelman, 2015). The presence of such automated vehicles 
opens up an opportunity for creation of a new transportation mode that would combine features 
of short-term on-demand utilization with self-driving capabilities and, in some applications, 
effectively a driverless taxi (Fagnant et al., 2015). Recent research has concluded that one-way 
carsharing could reduce vehicle ownership, vehicle-miles travelled, and greenhouse gas 
emissions as well as contributes to modal shifts done by the users. A study in five North 
American cities found that 2 to 5% of members sold a vehicle due to one-way carsharing, and 
another 7% to 10% did not acquire a vehicle, depending on the city (Stocker and Shaheen, 2017). 
Research that has focused on station-based carsharing were able to identify multiple positive 
impacts such as less vehicle travel and lower emissions (Martin and Shaheen, 2011) while 
reducing the need for parking (Shaheen et. al, 2010). Similar benefits will be likely seen after the 
introduction of shared automated vehicles (Meyer and Shaheen, 2017). 
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However, there is likely to be considerable uncertainty with regard to the user 
demographic and usage trajectory of shared automated vehicles due to factors such as 
continuously changing general knowledge (as individuals gather experience and information 
relating to this new mode). To better understand the likely usage trajectory of shared automated 
vehicles, and the various consumer preferences and concerns that may influence this trajectory, 
this study uses survey data gathered from members of the American Automobile Association 
Foundation (AAA) from 12 U.S. states. The questionnaires given to these members (distributed 
in the spring of 2015) incorporated a number of detailed questions relating to shared automated 
vehicle preferences and concerns, as well as socio-demographic data. Note that, because our 
study is exploratory, and the likely presence of temporal instability in the preferences associated 
with the introduction of shared automated vehicles (as individuals gather information and form 
attitudes and opinions), a nationally representative sample was not an initial priority (see 
Mannering 2018 for a discussion of temporal instability and its likely effects in statistical 
modeling, which would be a concern for a national survey as well). Also, with regard to most 
emerging technologies, and especially the likely disruptive and controversial nature of shared 
automated vehicles, individual preferences and opinions will be highly volatile early in 
consumers’ information-gathering process. Thus it is important to stress that studies based on 
any data collected before a technology has reached significant maturity, in terms of market 
penetration, must be viewed as exploratory in nature since consumer preferences and opinions 
will be unstable. However, it is also worth pointing out that the AAA survey we use in this study 
has considerable spatial and socio-economic diversity, covering 12 States that are representative 
of the U.S. population and their membership is fairly inclusive with one in four families being 
members in the U.S. 
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The collected data were used to estimate statistical models of individual preferences for 
using shared automated vehicles, and possible concerns associated with shared automated 
vehicles. The chapter begins with a literature review that focuses on factors likely to play a role 
in shared automated vehicles use. This is followed by a description of the survey and research 
design and the methodological approach used to analyze the data. Model estimation results are 
then provided and discussed. Finally, the chapter concludes with a summary and discussion of 
key findings.   
3.3 Usage Likelihoods and Concerns  
Shared automated vehicles potentially provide a new transportation concept that could 
merge features of traditional public and private transportation modes (Haboucha et al., 2017). 
Emerging automated vehicles combined with on-demand mobility may provide important 
alternatives to conventional transportation. While the development phase for automated vehicles 
is still in the early stages, several analysts have predicted potentially transformative changes to 
personal transportation (Greenblatt and Shaheen, 2015; Stocker and Shaheen, 2017). 
Several recent research efforts have provided initial insights into the potential benefits 
and drawbacks of shared automated vehicles as a transportation alternative. For example, Dia 
and Javanshour (2017) showed that incorporating shared automated vehicles as a modal option 
can significantly reduce the total number of vehicles required to meet the transport needs of a 
community. They also argued that shared automated vehicles can potentially decrease parking 
requirements, which would free up this space for other purposes. However, their study also 
identified some possible negative impacts such as an increase in total kilometers of travel due to 
vehicle repositioning (which has potential implications for greenhouse gas emissions), but this 
can be mitigated if a large proportion of self-driving vehicles used propulsion systems that are 
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more environmentally friendly than the internal combustion engine. Also, growing interest in on-
demand mobility coupled with automated vehicles may amplify adoption of both, and further 
lower energy use and greenhouse gas emissions through the use of small, efficient shared 
automated vehicles (Greenblatt and Shaheen, 2015). Greenblatt and Saxena (2015) found that, if 
a low vehicle occupancy trip was accommodated by appropriately sized vehicles, fleet average 
energy consumption could drop by almost a factor of two. This would cause the greenhouse gas 
emission to decrease especially if the vehicles are electric. Shared automated vehicles’ life-cycle 
greenhouse gas emissions per distance driven could fall by roughly 90 % relative to today’s 
average passenger vehicle. 
In other work, to get a sense of the potential impacts of shared automated vehicles, an 
Atlanta-based traffic simulation study found that parking areas could be reduced by 
approximately 4.5% once shared automated vehicles start to serve 5% of the trips. The reduction 
is achieved primarily through improving vehicle utilization and reductions in private car use 
(Zhang and Guhathakurta, 2017). With regard to the impact that shared automated vehicles can 
potentially have on the presence of privately own vehicles, it was found that each carsharing 
vehicle can substitute 9 to 13 vehicles from the road (Martin and Shaheen, 2011). They found 
that 25% of participants sold a vehicle and 25% of postponed a vehicle purchase due to 
carsharing (in a sample containing approximately 9500 participants), thus it is likely that shared 
automated vehicles will  also impact vehicle purchases.  
Menon et al. (2018) looked at variables that play significant roles in relinquishing a 
traditional human-driven vehicle in the presence of a shared automated vehicle option. They 
found that gender, age, education, commute distance and daily travel time, as well as previous 
vehicle-crash history and vehicle inventory, all play significant roles in the likelihood of giving 
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up a traditional vehicle. Males were found to be less likely to relinquish a household vehicle in a 
single-vehicle household; however they were more likely to do so in a multivehicle households, 
relative to their female counterparts. Millennials and people with graduate degrees were found to 
be more likely to give up a vehicle when shared automated vehicles became available. Also, 
previous involvement in a traffic crash was found to make respondents more likely to relinquish 
their vehicles to potentially use shared automated vehicles.  
Bansal and Kockelman (2017) also provided significant insights with regard to opinions 
about automated vehicles and shared automated vehicles. In their work, they found that a little 
over half of survey respondents (54.4%) agreed that automated vehicles would be useful 
transportation advancement, but 58.4% indicated that they would have some concerns relating to 
their use. Only 19.5% felt comfortable with allowing an automated vehicle to drive them 
independently, but 41.4% agreed that automated vehicles will be a fixture in future transportation 
systems.  
In other work, Haboucha et al. (2017) compiled recent findings from literature and news 
sources and concluded that men are more likely to use self-driving technologies relative to 
women. They also uncovered several contradictory findings among studies. For example, they 
found some research papers concluded that younger individuals are more likely to use shared 
automated vehicles while others found that elderly individuals would be more interested in doing 
so.  
Another perspective on estimating the use of shared automated vehicles was undertaken 
by Lavieri et al. (2017). They found that the consumer interest in automated-vehicle use is a 
function of lifestyle and current transportation choices.  The authors identified two basic 
propensities; the “green lifestyle” and “technology savviness” from their study. The authors 
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explain that, because overall lifestyle types had significant impacts on travel behavior, so that 
individuals who tend to lead green lifestyles and are tech-savvy would be more likely to be early 
users of shared automated vehicles. Furthermore, people who were younger, had higher 
education, lived in urban settings and already exhibited transportation sharing behaviors were 
more likely to use shared automated vehicles.  
However, it is important to note that the use of shared automated vehicle services will 
take time to mature and that current shared mobility modal definitions and business models will 
continue to change over time. For instance, carsharing and ridesourcing may start to look like 
very similar services (Stocker and Shaheen, 2017). 
The intent of our current study is to add to the growing body of literature on shared 
automated vehicles willingness-to-use and concerns. Using statistical models that address 
potential unobserved heterogeneity in shared automated-vehicle data, we seek to uncover the 
complex relationships among socio-demographic characteristics and shared automated vehicle 
choice and provide insights that can be used to assist in the development of various marketing 
strategies to support shared automated vehicle use adoption. The survey approach, research 
design, and empirical findings we employ to do this are presented in the following sections. 
3.4 Survey and Research Design  
A web-based survey was used to collect the data on the potential use of shared automated 
vehicles and concerns associated with them. A survey consisting of 75 questions was distributed 
to the American Automobile Association South in the United States. The twelve states that 
belong to American Automobile Association South are: Florida, Georgia, Illinois, Indiana, Iowa, 
Michigan, Minnesota, Nebraska, North Dakota, Tennessee and Wisconsin. These states cover 
multiple geographic locations and different climates, thus it allowed reaching diverse 
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populations. However, it is important to note that, because the survey was distributed in the 
United States, transferability of findings to other countries may be problematic. 
In addition to questions on the preferences and concerns with regard to shared automated, 
the survey covered a variety of socio-demographic and household characteristics, travel 
behavior, and travel history. The survey was composed of three parts: a part that collected 
general information including socio-demographics, travel characteristics, crash history, and 
vehicle inventories; a part that gathered information on people’s perceptions of automated 
vehicles; and a final part that collected data on the anticipated impacts of automated vehicles and 
shared automated vehicles including willingness to use and concerns. For this final portion of the 
survey, we classified everyone who indicated an interest in any mode of shared automated 
vehicles (privately owned, rented, publicly owned) as belonging to the willingness-to-use group 
as opposed to people who indicated no interest in using. Survey respondents were also asked to 
rank their concerns relating to shared automated vehicles. Because ranking concerns about a 
technology/modal option that is not yet available is difficult to imagine, only the most important 
concern for each person was used in the analysis. 
The data used in the analysis includes 782 respondents. Of these 782 respondents, 467 
respondents indicated no interest in using shared automated vehicles whereas 315 indicated an 
interest in using at least one of the alternate modes of shared automated vehicles (car sharing 
with or without ownership, ride sharing with or without ownership, taxi-service, or as public 
transit). In terms of most important concerns regarding automated vehicles, 468 respondents 
indicated that they were most concerned about safety, 112 respondents were most concerned 
about reliability, followed by 109 people concerned mainly about privacy, 57 were concerned 
about possible increases in travel time, and 36 where concerned about the cost of the service. 
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It is important to note, that in an environment where shared automated vehicles do not yet 
exist, understanding people’s willingness to use shared automated vehicles, and understanding 
the various concerns that they may have with shared automated vehicles, presents obvious 
challenges. For example, respondents’ current level of knowledge about shared automated 
vehicles, which is likely to vary significantly across demographic sectors of the population, will 
affect usage likelihoods and concerns. In addition, the willingness to use shared automated 
vehicles is dynamically changing as the general population is gaining familiarity with this 
technology. There is a large body of research showing that preferences for new technologies are 
likely to be temporally unstable during the early stages of use as experiences form attitudes and 
preferences (Mannering, 2018). With these issues in mind, our analysis will still provide 
potentially important initial insights into the willingness to use shared automated vehicles and 
concerns associated with them.  
3.5 Methodological Approach  
With regard to possible shared automated vehicle use, we seek to statistically analyze two 
of the responses gathered on the survey. First, we consider respondents’ binary response as to 
whether or not they would be interested in any one of the following shared automated vehicle 
modes: automated vehicle carsharing with car ownership (you own an automated vehicle and are 
willing to make it available to others); automated vehicle carsharing without car ownership (you 
obtain an automated vehicle from individual owners or companies that offer car sharing service 
via carsharing platforms such as a web page, smartphone app); automated vehicle ride-sharing 
with car ownership (you own an automated vehicle and are willing to share the ride with co-
passengers such as colleagues, friends, or someone you might find through ride-sharing web 
pages or apps); automated vehicle ride-sharing without car ownership (you share the ride with an 
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automated vehicle owner such as colleagues, friends, or someone you might find through ride-
sharing web pages or apps); automated vehicle taxi service; or automated vehicle public transit. 
Second, we consider one of the following four concerns that individual respondents view as most 
concerning with regard to the use of shared automated vehicles: safety concerns, privacy 
concerns, reliability concerns (uncertainty as to whether they will be able to arrive at their 
destination on time) and other concerns (including the cost of service and potentially higher 
travel times which, based on a statistical analysis are combined into a single choice). 
Both of the above responses are discrete; the yes/no response about willingness to use 
one of the shared automated vehicle modes, and the four-alternative option relating to 
respondents’ greatest concern regarding shared automated vehicles (safety, privacy, reliability 
and other). To arrive at an estimable statistical model for these two responses, we define a 
function that either determines the probability of shared automated vehicle use (a yes or no 
response) or the greatest concern (safety, privacy, reliability and other) as (Washington et al., 
2011), 
                
      (1)  
 
where Fin is a function that determines the probability of respondent n selecting response i 
(yes/no or one of the four concern responses), βi is a vector of estimable parameters for 
corresponding to discrete response i, Xin is a vector of explanatory variables that affect the 
probability of discrete response i for respondent n, and εin is a disturbance term. If the 
disturbance terms are assumed to be generalized extreme-valued distributed, a standard 
multinomial logit model results as (McFadden, 1981): 
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where  is the probability of respondent n giving response i and I is the set of responses 
(either yes and no for the usage likelihood, or safety, privacy, reliability and other for the greatest 
concern likelihood).  
In model estimation, we also would like to account for the possibility of unobserved 
heterogeneity across respondents. That is, the possibility that individual respondents will be 
affected by explanatory variables differently due to unobserved reasons (this is particularly likely 
with the introduction of new technologies such as shared automated vehicles). To account for the 
possibility of having one or more parameter estimates in the vector βi vary across respondents, 
we assume a distribution of these parameters and rewrite Equation 2 as (Washington et al., 2011) 
      (3) 
 
where f(βi|φi) is the density function of βi, φi is a vector of parameters describing the density 
function (mean and variance), and all other terms are as previously defined. This gives the 
random parameters logit model (also called the mixed logit model). There are other methods of 
capturing unobserved heterogeneity, such as a latent class model, with the preference of one 
approach over another often being data-specific (see Mannering et al., 2016, for a complete 
discussion of this).  Our estimation of a latent class formulation did not seem to track the 
unobserved heterogeneity in our data as well so we present only the random parameters 
estimation results in this study. 
Estimation of the random parameters logit model is undertaken by simulated maximum 
likelihood approaches because the required integration of the logit formula over the distribution 
of parameters is not closed form. Previous studies have shown that Halton draws can provide a 
more efficient distribution of simulation draws than purely random draws (McFadden and Ruud, 
1994; Bhat, 2003). We use 1,000 Halton draws in our simulated likelihood functions, a number 
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that has been shown to be more than sufficient to provide accurate parameter estimates (Bhat, 
2003; Milton et al., 2008; Anastasopoulos and Mannering, 2009; Behnood and Mannering, 
2016). In this study, the normal distribution has been used in estimation of the explanatory 
variables because it provided the best statistical fit for our two response models (other 
distributions such as the log-normal, uniform, and exponential were not found to produce 
statistically better results than the normal distribution). 
To determine the effect that individual explanatory variables will have on response 
probabilities, marginal effects are computed for each explanatory variable. The marginal effect 
of an explanatory variable gives the effect that a one-unit increase in an explanatory variable has 
on the response probabilities. For indicator variables (that assume values of zero or one), 
marginal effects will give the effect of the explanatory variable going from zero to one 
(Washington et al., 2011). Each respondent will have their own marginal effect and we will 
report the average marginal effect over all respondents. 
3.6 Model Estimation Results  
Table 3.1 presents summary statistics of variables found to be statistically significant. 
Tables 3.2 and 3.3 provide the random parameters logit models results, including parameter 
estimates, t-statistics and marginal effects, for the shared automated vehicle-use model and the 
shared automated vehicle-concern model, respectively. Please note that in these tables, 
explanatory variables found to be statistically significant were grouped into four categories; 
socio-demographic factors, household characteristics, travel behavior factors, and crash 
involvement. It should also be noted that likelihood ratio tests were performed to determine if 
random parameters logit models presented herein were statistically different than their fixed 
parameters counterparts. In both modeling cases we can reject the null hypothesis that fixed and 
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random parameters models are the same with over 95% confidence. Thus only random 
parameters model results are presented. 
3.6.1 Model Estimation Results: Willingness to Use Shared Automated Vehicles 
For socio-demographic factors, we found that respondents who identified themselves as 
Caucasian were less likely to use shared automated vehicles, which may be the result of cultural 
norms set up among this group. The higher education indicator (respondents who had at least 
bachelor’s degree) produced a normally distributed parameter with a mean of 0.98 and a standard 
deviation of 5.37. This result suggests (a normal distribution with this mean and standard 
deviation) that 57.2% of the respondents with higher education were more likely to be willing to 
use shared automated vehicles and 42.8% were less likely, reflecting considerable heterogeneity 
across this education group.  
For household characteristics, Table 3.2 shows that smaller households (with one or two 
people) had lower probabilities of using shared automated vehicles (relative to households of 
three or more). This may reflect the fact that smaller households have their transportation needs 
met and they may not see immediate benefits from using shared automated vehicles. On the other 
hand, larger households (with three or more people) could likely benefit from having additional 
transportation option that would allow the accommodation of additional and flexible 
transportation needs for all the household members (limited by the vehicle ownership, members 
of larger households are more likely to chain their trips together or share the ride in comparison 
of members of smaller households). In contrast, respondents from households with just one 
vehicle were more willing to use shared automated vehicles. It is possible that this reflects the 
fact that such respondents may not be as fully indoctrinated into the current private-vehicle-
ownership culture as are households with multiple vehicles. Moreover, households with only one 
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licensed driver produced a normally distributed parameter with a mean of -1.69 and standard 
deviation equal to 7.01. With this distribution, roughly 59.5% of people from households with 
one licensed driver will be less likely to use shared automated vehicles whereas 40.5% will be 
more likely.  Based on this finding, the large portion of households with one licensed driver 
(almost 60%) do not behave in uniform way (as a fixed-parameter finding would have suggested) 
and that there are other unobserved factors that seem affect their decision when it comes to the 
adoption of shared automated vehicles.    
For travel behavior factors, the indicator variable for commuters who normally drove 
alone produced a normally distributed parameter with a mean of -0.76 and a standard deviation 
of 3.57. This results in 58.4% commuters who drive alone being less likely to use shared 
automated vehicles and 41.6% more likely (again reflecting considerable heterogeneity within 
this group). Respondents whose one-way distance to the grocery store was less than 5 miles were 
more likely to be willing to use shared automated vehicles (a 0.062 higher probability as 
reflected by the average marginal effect presented in Table 3.2). This grocery-store proximity 
indicator may be capturing development density, reflecting higher shared automated vehicle 
usage in dense urban areas. 
Respondents with longer commutes (45 minutes or more) were found to be less likely to 
be willing to use shared automated vehicles. This likely reflects uncertainties about the possible 
reliability of shared automated vehicles (in terms of on-time performance), which may be more 
critical in long commutes. Besides, those respondents whose average parking search time during 
their most regular trip was less than 5 minutes had lower probabilities of using shared automated 
vehicles (by -0.048 as indicated by average marginal effect). Ease of parking is potentially a 
 
 
46 
 
strong indicator of satisfaction with the current private-vehicle-ownership paradigm           
making the use of shared automated vehicles less likely. 
Finally, respondents who had been involved in a vehicle crash were found to be more 
likely to use shared automated vehicles. This may reflect the possibility that crash-involved 
respondents may have the expectation that shared automated vehicles will improve safety. It is 
plausible that people who were involved in a crash are more aware of the fact that human error 
plays a significant role in road incidents and as the literature says it contributes to 90% of crashes 
(Litman, 2018). Even during times when automated vehicles are being actively tested on public 
roads and the first crashes have happened, it is likely that many believe that automated vehicles 
and their sensor-systems are superior to human drivers.  
3.6.2 Model Estimation Results: Concerns Associated With Shared Automated Vehicles 
The socio-demographic estimation results shown in Table 3.3 indicate that males were 
found to be less concerned about the safety of shared automated vehicles. This likely reflects 
deep-seeded and well-established cultural differences between genders with regard to risk 
estimation and vehicle safety (see Abay and Mannering, 2016). The results in Table 3.3 also 
show respondents with graduate degrees were found to be less concerned about the safety aspects 
of shared automated vehicles, which may reflect increased confidence in vehicle-safety 
technologies among more educated respondents.  In addition, respondents who identified 
themselves as Black/African American were less concerned with the reliability of shared 
automated vehicles. One might speculate that this finding may reflect possible urban 
environments and shorter trips, which may make travel-time variance less of a concern in 
general. It is also plausible that the value of travel time may differ between races. According to 
the report published by Semega et al. (2017) the 2016 real median income of non- Hispanic 
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White households was $65,041, whereas for the Hispanic-origin and Black/ African American 
households it was equal to $47,675 and $39,490 respectively. Lower household income, which is 
associated with the lower value of travel time could be a factor in the above finding as well.   
Respondents who had at least bachelor’s degree were more concerned with reliability. It 
may reflect the greater value of time of higher educational degree owners. The statistics from the 
Bureau of Labor Statistics shows that higher degree owners are paid average higher than lower 
degree owners (Bureau of Labor Statistics 2017). Although the income levels are not statistically 
significant in our model per se, the grouped effect according to the degrees is significant. It may 
also reflect that higher degree owners take jobs with more time-restricted responsibilities, due to 
possible meeting schedules etc. Thus, travel time uncertainty has larger impacts to their daily 
schedules. Also, those respondents who were at least 60 years old were found to be less 
concerned with travel time and cost compared to their younger counterparts. 
With regard to household characteristics, respondents belonging to three-person 
households as well as those whose households own more than 4 vehicles were more concerned 
about the privacy of shared automated vehicle compared to smaller and larger households and 
those owning less vehicles. Those whose most recent vehicle purchase was a new leased car, 
were found to be more likely to be concerned about the travel time and cost of shared automated 
vehicles. This is likely capturing fundamental differences households relating to vehicle-fleet 
size and leasing decisions (see, for example, Mannering et al., 2002 for a discussion of these 
points).  
For travel-behavior factors, respondents who do not commute at all were found to be 
more concerned about safety of shared automated vehicles compared to respondents with longer 
commute times. And, respondents whose distance to a grocery store that was less than 1 mile 
 
 
48 
 
were less likely to be concerned with reliability (on-time arrivals) of shared automated vehicles 
relative to respondents with longer distances to the grocery store (like reflecting the effects of 
development density). 
Finally, the crash involvement indicator produced a normally distributed parameter with a 
mean of 0.69 and a standard deviation of 1.71 defined in safety alternative. This results in 
roughly 65.7% of respondents who were involved in a vehicle crash being more concerned with 
the safety of shared automated vehicles and 34.3% being less concerned. This finding shows 
considerable heterogeneity with regard to past accident involvement, which is likely due to the 
variance in their crash experiences (some respondents will be involved in more and less severe 
crashes) and other factors.  
3.7 Summary and Conclusions  
This research focuses on exploring the determinants of shared automated vehicle usage 
likelihoods and concerns. Our model estimation results show that a wide range of respondent 
characteristics significantly affect these. With regard to shared automated vehicle usage 
likelihoods (3.2), we find that respondents who are in households with just one vehicle, are in 
close proximity to grocery stores, and have previously been involved in a vehicle crash are more 
willing to use shared automated vehicles. In contrast, respondents who identify themselves as 
Caucasian, live in households with 2 or fewer people, have commutes 45 minutes and longer, 
and require minimal time finding parking are all less likely to use shared automated vehicles. 
High education levels, small households (with at most 2 people) and driving alone produced 
results that varied across respondents making some more likely to use shared automated vehicles 
and others less likely). 
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With regard to concerns associated with shared automated vehicles, male respondents and 
those who have graduate education levels were less likely to be concerned about safety. In 
contrast, those respondents who do not commute were more likely to be concerned with safety. 
Respondents from three-people households and those whose households own more than four 
vehicles tended to be mostly concerned about the privacy aspect of shared automated vehicles. 
With regard to reliability (on-time performance), respondents with at least a bachelor’s degree 
were more likely to be concerned with shared automated vehicles being dependable. In contrast, 
respondents who identified themselves as Black/African American, and those whose proximity 
to grocery store was less than 1 mile were less likely to be concerned with the reliability. 
Variables that were significant on “other” function (travel time and cost concerns) were older 
age, and whose recent vehicle purchase was a lease. 
This chapter’s model-estimation findings provide some initial insights into how different 
groups of people are likely to behave with regard to the use of shared automated vehicles. Our 
results show that different aspects of shared automated vehicles are important to different groups 
of respondents. On average, younger and more educated people from households that do not 
have high auto ownership levels and currently do not exhibit out-of-ordinary travel needs were 
found to be more willing to use shared automated vehicles.  
Our findings could be used to understand and encourage shared mobility behavior, 
especially during the times when on-demand mobility is growing in popularity. One of the policy 
implications could involve incentivizing and/or subsidizing the use of shared automated vehicles 
as oppose to offering and maintaining free parking spaces. Knowing how different groups of 
people tend to make transportation decisions could provide important insights in planning for 
both private and public sectors. The identified factors suggest that the people who are more 
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willing to adopt this technology lead urban lifestyles. In urban areas, one of the potential 
implications could be the need for expanded pick-up and drop-off areas instead of parking 
spaces. The retrofitting and updating the infrastructure to cater it to the future transportation 
needs will likely start in urban areas. Providing the necessary space that accommodates 
comfortable pick-up and drop-off is a significant part of safe operations of shared automated 
vehicle systems. And our research findings suggest that the dense urban areas contain the most 
receptive consumers. Our findings also suggest that elderly people, who could greatly benefit 
from shared automated vehicles, are less willing to use them. Knowing the elderly's 
unwillingness to use this technology can help policy makers address this issue in advance by 
allowing them to proactively develop marketing strategies to increase acceptance among the 
elderly.  Such marketing strategies can be extended to other identified groups of people who 
could benefit the most from shared automated vehicle usage.  
One possible concern of our study is the potential limitations of our data (our sampling is 
limited to the American Automobile Association sample). However, because people’s opinions 
and perceptions are likely to be changing continuously with the introduction of an emerging 
technology such as shared automated vehicles (particularly in the early use phase when opinions 
are being formed), the advantage of a larger and more spatial diverse survey is likely to be quite 
limited. Still, future research could focus on expanding the data set with additional geographic 
diversity and variables to track the evolution of perceptions with regard to shared automated 
vehicles both temporally and spatially.  
 
 
 
 
51 
 
3.8 Summary Statistics and Model Estimation Results Tables  
Table 3.1 Summary statistics for variables included in final model estimations 
 
Variable Description  
 
Mean 
Standard 
Deviation 
Socio-demographic factors   
Male indicator (1 if respondent is a male, 0 otherwise) 0.59 0.49 
Older age indicator (1 if respondent is at least 60 years old, 0 otherwise) 0.42 0.49 
Caucasian indicator (1 if respondent identifies as Caucasian, 0 otherwise) 0.89 0.46 
Black/African American ethnicity indicator (1 if respondent is Black/African 
American, 0 otherwise) 
0.038 0.19 
High education indicator (1 if respondent has at least bachelor’s degree, 0 
otherwise) 
0.69 0.46 
Graduate level education indicator (1 if respondent has completed graduate 
school, 0 otherwise) 
0.37 0.48 
Household characteristics 
  
Small household indicator (1 if there are at most 2 people living in a household,   
0 otherwise) 
0.65 0.48 
Three people household size indicator (1 if a household size is 3 people, 0 
otherwise) 
0.17 0.37 
One-vehicle household indicator (1 if a household owns 1 vehicle, 0 otherwise) 0.21 0.41 
More than four-vehicle household indicator 1 if a household owns (or leases) 
more than 4 vehicles, 0 otherwise) 
0.13 0.33 
One licensed driver household indicator (1 if a household has exactly 1 licensed 
driver, 0 otherwise)  
0.21 0.41 
Most recent vehicle leased indicator (1 if the most recent vehicle was new 
leased, 0 otherwise) 
0.10 0.31 
Travel behavior 
  
Drive-alone commute indicator (1 if respondent commutes to work by driving 
alone, 0 otherwise)  
0.80 0.40 
Short one-way distance to the grocery store indicator 1 (1 if the distance to 
grocery store is 1 mile or less, 0 otherwise) 
0.09 0.29 
Short one-way distance to the grocery store indicator 2 (1 distance to grocery 
store is less than 5 miles, 0 otherwise) 
0.76 0.43 
Longer one-way commute time indicator 1 (1 if respondent has an average 
commute time of 45 minutes or more, 0 otherwise) 
0.71 0.46 
Lack of commute indicator (1 if respondent doesn’t commute, 0 otherwise) 0.12 0.33 
Low usual parking search-time indicator (1 if respondent spends less than 5 
minutes on parking, 0 otherwise) 
0.69 0.46 
Crash involvement 
  
Crash indicator (1 if respondent has been involved in a vehicle crash, 0 
otherwise) 
0.76 0.43 
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Table 3.2 Random parameters logit model for willingness (yes or no) to use shared automated 
vehicles (all random parameters are normally distributed) 
 
Variable Description  
Estimated 
Parameter 
 
t-Statistic 
Marginal 
Effect 
Constant 1.10 0.96  
Socio-demographic factors    
Caucasian indicator (1 if respondent identifies as 
Caucasian, 0 otherwise) 
-1.88 -1.98 -0.103 
High education indicator (1 if respondent has at least 
bachelor’s degree, 0 otherwise) (Standard deviation 
of parameter distribution) 
0.98 (5.37) 1.39 (1.90) 0.060 
Household characteristics 
   
Small household indicator (1 if there are at most 2    
people living in a household, 0 otherwise) 
-1.89 -2.18 -0.070 
One-vehicle household indicator (1 if a household 
owns 1 vehicle, 0 otherwise) 
1.52 1.77 0.018 
One-driver household indicator (1 if a household has 
1 licensed driver, 0 otherwise) (Standard deviation 
of parameter distribution) 
-1.69 (7.01) -1.02 (1.51) 0.009 
Travel behavior    
Drive-alone commute indicator (1 if respondent   
commutes to work by driving alone, 0 otherwise) 
(Standard deviation of parameter distribution) 
-0.76 (3.57) -0.98 (1.96) -0.010 
Short one-way distance to the grocery store indicator 
(1 distance to grocery store is less than 5 miles, 0 
otherwise) 
1.27 1.65 0.062 
Longer one-way commute time indicator (1 if 
respondent has an average commute time of 45 
minutes or more, 0 otherwise) 
-1.40 -2.08 -0.063 
Low usual parking search-time indicator (1 if 
respondent spends less than 5 minutes on parking, 0 
otherwise) 
-1.18 -2.03 -0.048 
Crash involvement    
Crash indicator (1 if respondent has been involved 
in a vehicle crash, 0 otherwise) 
0.86 2.10 0.084 
Number of observations 782   
Log likelihood at zero -542.04   
Log likelihood at convergence -494.13   
* All explanatory variables are in the “Yes” response function with the “No” response function 
explicitly set to zero.
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Table 3.3 Random parameters logit model for main concerns relating to the use of shared automated vehicle systems (all random 
parameters are normally distributed) 
 
 
Variable Description* 
 
Estimated 
Parameter 
 
 
t-Statistic 
Marginal Effects 
Safety[S] Reliability[R] Privacy[P] Other[O] 
Constant [S] 2.21 8.15     
Socio-demographic factors        
Male indicator (1 if respondent is a male, 0 otherwise) [S]  -0.77 -2.85 -0.062 0.022 0.022 0.018 
Graduate level education indicator (1 if respondent has 
completed graduate school, 0 otherwise) [S] 
-0.83 -3.11 -0.043 0.017 0.015 0.012 
Black/African American ethnicity indicator (1 if 
respondent is Black/African American, 0 otherwise) [R] 
-1.62 -1.53 0.009 -0.021 0.005 0.0006 
High education indicator (1 if respondent has at least 
bachelor’s degree, 0 otherwise) [R] 
0.44 2.94 -0.016 0.037 -0.011 -0.009 
Older age indicator (1 if respondent is at least 60 years 
old, 0 otherwise) [O] 
-0.55 -2.59 0.005 0.003 0.003 -0.011 
Household characteristics      
 
Three people household size indicator (1 if a household 
size is 3 people, 0 otherwise) [P] 
0.57 2.21 -0.006 -0.004 0.013 -0.003 
More than four-vehicle household indicator 1 if a 
household owns (or leases) more than 4 vehicles, 0 
otherwise) [P] 
0.63 2.01 -0.005 -0.003 0.011 -0.003 
Most recent vehicle leased indicator (1 if the most recent 
vehicle was new leased, 0 otherwise) [O] 
1.14 3.56 -0.009 -0.005 -0.005 0.019 
Travel behavior        
Lack of commute indicator (1 if respondent doesn’t 
commute, 0 otherwise) [S] 
0.86 2.25 0.013 -0.005 -0.004 -0.004 
Short one-way distance to the grocery store indicator  
(1 if the distance to grocery store is 1 mile or less, 0 
otherwise) [R] 
 
-0.75 -1.60 0.002 -0.005 0.002 0.001 
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Table 3.3 (Continued)       
Crash involvement 
      
Crash involvement indicator  (1 if respondent was 
involved in a vehicle crash, 0 otherwise) [S] (Standard 
deviation of parameter distribution) 
0.69 (1.71) 3.06 (2.24) -0.002 0.002 0.0009 0.0004 
Number of observations 782      
Log likelihood at zero -1084.08      
Log likelihood at convergence -838.75      
* Parameter defined for: [S] Safety; [R] Reliability; [P] Privacy; [O] Other (travel time and cost). 
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CHAPTER 4: AN ANALYSIS OF THE ROLE OF SOCIO-DEMOGRAPHIC AND 
HEALTH-RELATED FACTORS IN RIDESOURCING BEHAVIOR1 
 
4.1 Executive Summary  
The recent growth in the popularity of mobility-on-demand (ridesourcing) has 
substantially impacted the transportation market by providing a variety of new transportation 
options. While new mobility-on-demand options have significantly impacted some traditional 
transportation services (such as taxis), the factors that determine usage rates of new ridesourcing 
options are not fully understood. The intent of the current objective is to develop a statistical 
model of individuals’ usage rates of ridesourcing services. Using a sample of recently collected 
data, a mixed logit model (multinomial logit model with random parameters) of ridesourcing-
usage rate was estimated and, in addition to traditional socio-demographic factors, several travel 
and health related variables were found to play statistically significant roles for ridesourcing 
usage. Specifically, age, gender, income, household size, vehicle ownership, typical parking 
time, and the nature of commutes were some of the significant variables found in model 
estimation results. In addition, self-assessed health, high body mass index (BMI), and 
registration for other shared mobility services were all found to play roles in ridesourcing usage. 
The results suggest that ridesourcing usage tends to be driven by a wide variety of individual 
characteristics and lifestyle choices. 
                                                        
1 Barbour, N., Zhang, Y., Mannering, F., 2019. A statistical analysis of bikesharing use and its potential as an auto-trip substitute. 
Journal of Transport and Health 12, 253-262. Copyright 2019 by Elsevier. Reprinted with permission. 
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4.2 Introduction to Ridesourcing 
Technological advancements have allowed for the growth and development of the 
sharing economy, which a phenomenon based on renting and borrowing goods and services 
instead of owning them. Regarding transportation, the sharing economy is still in its early stages 
and has not yet reached full maturity, however the concept (which includes the sharing vehicles, 
bicycles, electric scooters, among others) has been found to have multiple monetary, social, and 
environmental benefits (Shaheen et al., 2016, Xue et al. 2018). Ridesourcing is one element of 
this economy in the transportation context that has enjoyed rapid growth and transformation in 
recent years. With smart phone applications, ridesourcing services link personal vehicle drivers 
with passengers who need rides right away or at a particular future time. One important feature 
of ridesourcing applications is to track and display the real-time locations of drivers and 
passengers, with which the expected waiting time could be accurately estimated. By 
incorporating multiple technological advancements, ridesourcing companies, or called 
transportation network companies (TNCs) offer a mode of transportation that has a similar 
flexibility of a traditional taxi but at a lower cost (Rayle et al. 2016). TNCs such as Uber and 
Lyft have flourished in the United States (Dias et al., 2017).  
Although past work, such as that by Dias et al. (2017), has provided some insight into the 
complex interactions that contribute to the use of mobility-on-demand such as ridesourcing and 
carsharing services, the fact that people’s preferences and experiences with such ridesourcing 
services are rapidly evolving has made understanding the factors that influence ridesourcing 
usage rates, and the temporal evolution of these factors, a challenge. The current chapter seeks to 
provide additional insight into ridesourcing usage rates by gathering detailed data relating to 
potential ridesourcing users' socio-demographics, travel behavior, and health-related 
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characteristics, and then using these data to estimate a random parameters logit model to assess 
peoples' probability of selecting one of four ridesourcing usage-rate categories. 
The chapter starts with a literature review that focuses on the brief review of ridesourcing 
services. This is followed by a discussion of survey design, methodology, and the presentation 
and discussion of model estimation results. Lastly, the chapter concludes with a summary and 
discussion.  
4.2.1 Overview of Ridesourcing Users and Usage Rates 
Because ridesourcing services are relatively new, and data have been largely proprietary, 
relatively few research efforts have been undertaken to understand the characteristics of 
ridesourcing users and their associated usage. Ridesourcing is really a subset of the more general 
shared-mobility concept, and a more extensive body of literature can be found relating to shared 
mobility options such as carsharing services (Dias et al., 2017).  In fact, the literature on the 
usage and impacts of carsharing have provided numerous insights. For example, research on the 
impact of carsharing on vehicle ownership found that households understandably tend to 
decrease the number of owned vehicles after becoming carshare members (Cervero et al., 2007, 
Martin et al., 2010, Menon et al., 2019). In other work, Clewlow (2016) found a link between 
carsharing and sustainable travel, including higher modal shares of transit, walking and biking, 
lower household vehicle ownership, and higher rates of electric drive vehicle ownership. 
Regarding socio-demographic factors, education, household characteristics and propensity for 
non-motorized transportation were found to be significant predictors of carsharing usage 
(Costain et al., 2012; Coll et al., 2014). 
Although literature specifically related to ridesourcing has been comparatively limited, 
previous work has provided some insight into the characters of this type of service. For example, 
 
 
58 
 
Rayle et al. (2016) found both similarities and differences between taxis and ridesourcing 
services in San Francisco area, where market demand and trip lengths were found to be similar 
for taxis and ridesourcing services. However, relative to taxis, they also found that ridesourcing 
services had shorter wait times and operated more consistently across the day, with regard to 
time and location. 
With regard to socio-demographics, Rayle et al. (2016) found that ridesourcing customers 
were generally younger and more highly educated relative to the overall population in San 
Francisco. Similarly, Dias et al. (2017) found that users of ridesourcing services tended to be 
younger, had higher education, higher income, and lived in more densely populated 
neighborhoods.  
In general, prior literature has shown that there are multiple factors determining 
individual’s propensity to participate in shared mobility in general, and in some cases 
ridesourcing in particular. However, in addition to the traditional socio-demographic factors 
(such as age, and income), health-related factors can potentially play a role. This is perhaps more 
obvious with shared active transportation modes (such as bikesharing) because of its potential to 
improve health (Saelens et al., 2003; Frank et al, 2004; Maizlish et al., 2017). It has been 
supported in the literature with research such as that conducted by Barbour et al. (2019a), where 
they found that a high body mass index (BMI greater than 25) was statistically significant in 
determining bikesharing usage. However, it could be argued that various health-related variables 
capture a wide variety of life-style and cultural characteristics that could easily have their 
influence extend beyond traditional active transportation modes, and the intent of the current 
study is to explore this possibility. That is, in addition to considering how traditional socio-
demographics might affect ridesourcing usage rates, we will explore whether and how health-
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related variables may affect these rates, while potentially serving as proxies for various life-style 
and cultural choices. 
4.3 Survey and Research Design 
To collect the data for this research, a survey questionnaire was developed to focus on 
socio-demographic questions, travel behavior and travel patterns, traffic crash history, as well as 
other health-related questions and preferences regarding shared mobility. The answers to survey 
questionnaire were collected between February and April of 2018, and the survey was 
disseminated using online survey software. To ensure that variety of socio-demographic groups 
who exhibit different transportation behaviors were reached, several different outlets were used 
to distribute the survey. The CycleHop Bike Share Company, which operates bikesharing 
programs in Tampa, St. Petersburg, Orlando and the University of South Florida (Tampa 
campus) made the survey available to its registered users as well as promoted it via social media. 
A mailing list from the University of South Florida Tampa campus was also used to distribute 
the survey. 
A total of 675 responses were gathered with the emphasis of the survey being the usage 
of ridesourcing services such as Uber or Lyft. Respondents were asked how frequently they used 
such ridesourcing services and 118 respondents specified that they have never used either of 
these services, 280 indicated using them less than once a month, 180 a few times a month 
followed by 97 who used them at least once a week.   
Regarding variables that may affect these ridesourcing usage rates, data were collected on 
health-related questions such as weight, height and self-assessed health, and the body mass index 
(BMI) for all 675 respondents was computed. Out of 675 respondents, 410 were found to have a 
normal body mass index (BMI equals 25 or less) 174 were found to have high body mass index 
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(BMI between 25 and 30) whereas 91 respondents were classified as obese (BMI greater than 
30). For self-assessed health only 2 respondents indicated extremely bad health whereas 19 
assessed their health as slightly bad, 43 said it was neither good nor bad, followed by 411 and 
200 who classified their health as good or extremely good, respectively.  Because of the 
experimental nature of this study, and possible concerns with confidentiality with regard to 
private health data, the type of illness or health condition was not specified. Data were also 
collected with regard to bikesharing registration and out of 675 respondents, 301 were also 
registered users of a bikesharing system.  In addition to analyzing the ridesourcing usage rates, 
the intent  of the study was to explore potential links with behavioral patterns and preferences for 
shared mobility systems.  
4.4 Methodological Approach 
As mentioned above, the variable of interest is how often ridesourcing services are used 
with the following choices provided to survey respondents; have never used them, less than once 
a month, a few times a month, at least once a week. Because of the discrete nature of these four 
choices, a discrete outcome approach is appropriate.  To implement such an approach, a function 
that determines a probability of how often ridesourcing services are used is defined for the four 
ride-sourcing usage categories mentioned above as,  
      (1) 
where Xkn is a vector of explanatory variables that affect the probability of observation n 
selecting ridesourcing-usage category k, βk is a vector of estimable parameters, and εkn is a 
disturbance term which is assumed to be generalized extreme value distributed. In the above 
equation, possible unobserved heterogeneity can be accounted for by introducing random 
parameters, which allow the parameters to potentially vary across observations, giving βkn 
kn k kn knF  β X
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(Washington et al., 2011; Mannering et al., 2016). Further, the possibility of variations in the 
means and variances of random parameters is accounted for by allowing βkn be a vector of 
estimable parameters that varies across crashes defined as (Seraneeprakarn et al., 2017; Behnood 
and Mannering, 2017): 
             
                                (2) 
 
where βk is the mean parameter estimate across all ride-sourcing usage categories, Zkn is a vector 
of explanatory variables that captures heterogeneity in the mean that affect ride-sourcing usage 
category k, Θkn is a corresponding vector of estimable parameters, Wkn is a vector of explanatory 
variables that captures heterogeneity in the standard deviation σkn with corresponding parameter 
vector ωkn, and vkn is a disturbance term. 
With the above, the resulting random parameters multinomial logit ride-sourcing usage 
category probabilities are (McFadden and Train, 2000; Washington et al, 2011), 
                                               (3) 
where Pn(k) is the probability of observation n selecting ride-sourcing usage category k,  
f(β | φ) is the density function of β with φ referring to a vector of parameters of the density 
function (mean and variance), and all other terms are as previously defined. This model is 
estimated by simulated maximum likelihood with 1,000 Halton draws, which has been shown to 
be an efficient estimation approach (McFadden and Train, 2000; Bhat, 2003; Milton et al., 2008; 
Anastasopoulos and Mannering, 2009; Behnood and Mannering, 2016). A wide range of 
distributional assumptions will be considered in the empirical portion of this chapter including 
the normal, lognormal, triangular, and uniform distributions.  
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In addition to the model estimation results, marginal effects are calculated to assess the 
effects that each explanatory variable has on response probabilities. The marginal effect gives the 
effect that a one-unit increase in an explanatory variable has on the response probabilities. 
Average marginal effects over all respondents will be reported (Washington et al., 2011).  
Finally, it is important to mention that another methodological alternative to these data 
would be to use an ordered probability model (such as the ordered probit) because the usage 
categories are roughly ordered from low to high (from never to at least once a week). While such 
an ordered approach was considered, the fact that ordered models place a strong restriction on 
how variables can affect outcome probabilities, the more flexible form of the mixed logit model 
was chosen (estimation results that show significant variables in the intermediate categories of 
less than once a month and a few times a month support this choice). Please see Mannering and 
Bhat (2014) for a more extensive discussion of this point. 
4.5 Model Estimation Results 
The summary statistics for variables included in the final model estimation are presented 
in Table 4.1. Table 4.2 presents the results of random parameters logit model for the usage of 
ridesourcing services. A total of 675 observations were used in the mixed logit model estimation 
and 18 variables were found significant in the four ridesourcing usage functions (never use them, 
use less than once a month, use a few times a month, use at least once a week). Only variables 
that produced statistically significant model parameters (at least the 90% confidence level on a 
two-tailed t-test) were included in the model. Table 4.2 shows that only two of these variables 
produced parameters with a statistically significant standard deviation (random parameter), both 
were normally distributed since other tested distributions did not produce significantly better 
results. In addition, no variable was found to have statistically significant heterogeneity in the 
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mean or variance. Thus, the random parameters in the estimated model reduce to βkn = βk + νkn 
(see Equation 2). 
In Table 4.2, explanatory variables were grouped into five main categories: socio-
demographic factors, household characteristics, travel behavior, crash involvement, and health 
indicators. Regarding the socio-demographic factors, the male indicator was found to produce a 
normally distributed parameter with a mean -2.32 and standard deviation equal to 4.02.  This 
results in roughly 28.2% of male respondents being more likely to have never used ridesourcing 
services and 71.8% males less likely to do so. This finding captures additional unobserved 
factors determining gender related travel behavior and reflects the non-homogenous behavior 
among males. Marginal effects show the overall effect of this variable is that males have a higher 
probability of at least once a week usage relative to females, and lower probabilities for all other 
usage categories. 
Respondents who were at least 50 years old, produced statistically significant parameters 
in two of the usage-category functions. The net effect (see marginal effects) was overall a higher 
probability of never using ridesourcing relative to this age group’s younger counterparts. This 
finding is consistent with prior literature addressing adoption of new technologies and services 
among older adults (Lee and Coughlin, 2015). In contrast, respondents less than 35 years old 
(primarily millennials) were found to be much more likely to use ridesourcing services at least 
once a week relative to their older counterparts (a 0.11 higher probability as indicated by the 
marginal effects in Table 4.2). 
With regard to income level, respondents with lower income (annual household income 
less than $75,000 per year) were found to produce statistically significant parameters in two of 
the usage-category functions with the net effect indicating that this income group was more 
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likely to be in the two lower-usage categories (see marginal effects) than their higher-income 
counterparts. Equality and equity in transportation have been widely addressed in recent studies 
(Teunissen et al., 2015; Pereira et al., 2016), with low-income groups often being denied 
opportunities due to the lack of flexible mobility options or due affordability issues.  While 
findings in Table 4.2 support this literature, at the other end of the income spectrum, households 
making more than $175,000 per year were found to have a lower probability of using 
ridesourcing a few times a month, with higher probabilities of using less or more often (see 
marginal effects). This reflects the rather complex effect income can have on ridesourcing-usage 
rates. 
Race was also found to be a statistically significant factor in ridesourcing behavior with 
respondents who indicated being African-American being found, on average, to have a lower 
probability of using these services less than once a month. Although statistically significant, the 
small size of the marginal effects reflects the relatively small impact of race on ridesourcing 
usage. 
In addition to socio-demographic variables, multiple household characteristics and travel 
behavior variables were found to play a significant role in ridesourcing usage. Respondents from 
households with children under the age of 6 present had, on average, 0.062 higher probability to 
have never used ridesourcing services. The presence of children was also found to be a 
significant factor preventing respondents from taking bikesharing in previous work (Barbour et 
al., 2019a). Dias et al. (2017) also emphasized the presence of children in the household to be a 
significant predictor of travel behavior. 
Vehicle ownership and household size were also found to play a role in ridesourcing 
usage. Respondents from one-vehicle households were less likely to use ridesourcing a few times 
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a month compared to their counterparts whose households own or lease more than one vehicle. 
In contrast, respondents from households with at most 2 people living in them were more likely 
to use ridesourcing a few times a month. These results indicate that household size and vehicle 
availability have interesting and statistically significant effects on ridesourcing usage.   
For travel-behavior effects, respondents who did not commute were found to be more 
likely to have never used ridesourcing. This suggests that the presence of a commute was found 
conducive to engaging in using Uber/Lyft like services more frequently.  
The impact of willingness to use other modes of shared mobility (in this case 
bikesharing) on ridesourcing usage was also found to produce statistically significant results. An 
indicator variable for respondents who reported that they were registered users of a bikesharing 
system was found to be statistically significant in three of the usage functions, with the net effect 
of the bikesharing registration indicator (see marginal effects in Table 4.2) being that such 
respondents were more likely to have higher ridesourcing usage rates. This finding aligns with 
some of the prior studies that try to identify groups of people who are more likely to use shared 
mobility modes (Dias et al., 2017).  
Estimation findings shown in Table 4.2 also show that parking time is an important factor 
in ridesourcing usage. Respondents with short parking times for their most regular trip (less than 
5 minutes) were found to be less likely to use ridesourcing services a few times a month, 
suggesting that people with longer parking times could plausibly find them convenient and 
timesaving. Respondents with parking times for their most regular trip between 5-10 minutes 
were less likely to use Uber/Lyft type services at least once a week. 
Respondents who indicated commuting by driving alone had, on average, 0.056 lower 
probability of using ridesourcing at least once a week. This result means that the respondents 
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who commute by other means were more likely to use shared mobility modes more frequently. 
Once again, a common trait among people who are more willing to use shared and alternate 
modes of travel was identified. 
Respondents who indicated living within 1 mile of a grocery store (which indicates urban 
setting) were found to be more likely to use ridesourcing at least once a week. This variable 
likely reflects the fact that dense development is more conducive to ridesourcing where such 
services can easily substitute for conventional transportation modes. 
With regard to traffic accident history, the crash-involvement indicator produced a 
normally distributed parameter with a mean 0.41 and a standard deviation equal to 2.02. This 
suggests that 58% of respondents who were involved in a traffic crash were more likely to use 
ridesourcing services less than once a month and 42% less likely. This variable could potentially 
reflect the level of trust in independent drivers and their privately-owned vehicles. Some people 
may exhibit more caution when engaging in ridesourcing services and others may not.  
The last group of variables were health related. An indicator variable for respondents who 
self-assessed their health as being good or extremely good was found to be statistically 
significant in two of the ridesourcing usage functions. The net effect of this variable (see 
marginal effects in Table 4.2) were higher probabilities in the less than once a month and a few 
times a month usage categories, relative to respondents who did not rate their health in these 
categories.  
With regard to other health measures, an indicator variable for the body mass index 
(BMI) was found to be statistically significant (in slightly different forms) in two of the 
ridesourcing usage functions. In the never-used function, respondents whose body mass index 
(BMI) was classified as obese (BMI greater than 30) was significant and these respondents had, 
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on average, 0.015 higher probability to have never used ridesourcing services. This could be 
related to a variety of factors such as comfort, the need to travel, the trip purpose, or even some 
psychological factors given that taking ridesourcing involves social networking and engagement. 
Prior studies have already started to address and analyze the type of social ties and their impact 
on travel behavior and activity type meaning that the size and diversity of one’s core network 
were found to be positively correlated with the variety and frequency of their activities (Maness, 
2017). In addition to this obese BMI indicator, a high BMI indicator (BMI greater than 25) was 
found to be statistically significant in the at least once a week usage category. Respondents with 
high body mass index had, on average, 0.013 lower probability to use ridesourcing services 
compared with their counterparts who had a normal body mass index (keep in mind that all 
respondents in the obese-BMI category will also be in the high-BMI category). These two 
variables underscore the potential importance of health-related issues in ridesourcing behavior 
and align with previous findings relating to BMI and the use of bikesharing systems (Barbour et 
al., 2019a). BMI indicators have been found to be statistically significant factors in behaviors 
relating to transportation and it is plausible that they capture some of the life-style choices that 
determine the propensity to use shared mobility in general.  
4.6 Summary and Conclusions 
This research focuses on exploring travel behavior related to ridesourcing services. In 
addition to variables typically used in transportation analysis, information relating to health and 
experiences with other shared-transportation modes was considered. The model-estimation 
findings show that gender, age, annual household income level, race, presence of children under 
6 years old in the household are all significant factors in ridesourcing usage. With regard to 
household characteristics and travel history, it was found that the number of household vehicles, 
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household size, parking time and commute type (driving alone) all played roles in ridesourcing 
usage.  
Several findings in this chapter relating to the statistical significance of unconventional 
explanatory variables are worthy of note. Bikesharing registration among respondents was found 
to significantly affect ridesourcing usage, in a generally positive way. This finding reflects a 
relationship between being a registered user of a bikesharing system and using other modes that 
shared mobility has to offer. Thus, there appears to be a sharing mentality that links consumer 
behavior and response to a whole range of emerging transportation options. In addition, both 
respondents’ self-assessed health and body mass index were found statistically significant in the 
ridesourcing usage model. This provides further support for the linkage between health and 
travel behavior and underscores the importance that such factors will likely play with the 
introduction of new and innovative transportation options. 
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4.7 Summary Statistics and Model Estimation Results Tables 
Table 4.1 Summary statistics for variables included in final model estimations 
 
Variable Description  
 
Mean 
Standard 
Deviation 
Male indicator (1 if respondent is a male, 0 otherwise) 0.42 0.49 
Older age indicator (1 if respondent is at least 50 years old, 0 otherwise) 0.21 0.40 
Millennial age indicator (1 if respondent is less than 35 years old, 0 otherwise) 0.54 0.50 
Low annual household income indicator (1 if annual household income is less 
than $75k, 0 otherwise) 
0.54 0.50 
High annual household income indicator (1 if annual household income more 
than $175k, 0 otherwise) 
0.14 0.35 
Black/African American ethnicity indicator (1 if respondent is Black/African 
American, 0 otherwise) 
0.05 0.22 
Children under 6-year-old present in household (1 if respondents indicated 
children present, 0 otherwise) 
0.11 0.31 
One vehicle household indicator 1 if a household owns (or leases) 1 vehicle, 0 
otherwise) 
0.30 0.45 
Small household size indicator (1 if a household size is at most 2 people, 0 
otherwise) 
0.64 0.48 
Lack of commute indicator (1 if respondent does not commute, 0 otherwise) 0.05 0.23 
Bikesharing system registration indicator (1 if respondent is registered for a 
bikesharing system, 0 otherwise) 
0.47 0.50 
Short parking time for the most regular trip (1 if parking time is less than 5 
minutes, 0 otherwise) 
0.61 0.49 
Medium parking time for the most regular trip (1 if parking time is between 5-10 
minutes, 0 otherwise) 
0.18 0.39 
Commute by driving alone indicator (1 if respondent drives alone for their most 
common trip, 0 otherwise) 
0.73 0.44 
Short one-way distance to the grocery store indicator  
(1 if the distance to grocery store is 1 mile or less, 0 otherwise) 
0.16 0.37 
Crash involvement indicator (1 if respondent was involved in a vehicle crash, 0 
otherwise) 
0.54 0.50 
Self-assessed health indicator (1 if respondent assessed their health as good or 
extremely good, 0 otherwise) 
0.91 0.29 
Obese BMI indicator (1 if respondent has a BMI (body mass index) greater than 
30, 0 otherwise) 
0.13 0.24 
High BMI indicator (1 if respondent has a BMI (body mass index) greater than 
25, 0 otherwise) 
0.39 0.48 
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Table 4.2 Random parameters logit model for frequency use of ridesourcing services (all random parameters are normally distributed) 
 
 
Variable description* 
 
Estimated 
Parameter 
 
 
t-Statistic 
Marginal Effects 
 
Never [N] 
Less than once 
a month [L] 
A few times 
a month [F] 
At least once 
a week [W] 
Constant [S] 0.19 0.40     
Socio-demographic factors  
      
Male indicator (1 if respondent is a male, 0 otherwise) 
[N] (Standard deviation of parameter distribution) 
-2.32 (4.02) -1.44 (2.35) -0.006 -0.013 -0.008 0.028 
Older age indicator (1 if respondent is at least 50 years 
old, 0 otherwise) [N] 
1.35 4.24  0.048 -0.027 -0.018 -0.003 
Older age indicator (1 if respondent is at least 50 years 
old, 0 otherwise) [L] 
0.80 2.67 -0.016 0.030 -0.012 -0.002 
Millennial age indicator (1 if respondent is less than 35 
years old, 0 otherwise) [W] 
1.87 4.73 -0.020 -0.044 -0.046 0.11 
Low annual household income indicator (1 if annual 
household income is less than $75k, 0 otherwise) [N] 
0.79 2.93 0.051 -0.025 -0.019 -0.008 
Low annual household income indicator (1 if annual 
household income is less than $75k, 0 otherwise) [L] 
0.97 4.45 -0.030 0.094 -0.044 -0.020 
High annual household income indicator (1 if annual 
household income more than $175k, 0 otherwise) [F] 
-0.53 -1.73 0.004 0.006 -0.011 0.002 
Black/African American ethnicity indicator (1 if 
respondent is Black/African American, 0 otherwise) 
[L] 
-1.12 -2.00 0.003 -0.007 0.003 0.001 
Household characteristics 
      
Children under 6-year-old present in household (1 if 
respondents indicated children present, 0 otherwise) 
[N] 
0.60 1.83 0.062 -0.029 -0.025 -0.008 
One vehicle household indicator 1 if a household owns 
(or leases) 1 vehicle, 0 otherwise) [L] 
-0.38 -1.59 0.005 -0.018 0.009 0.003 
Small household size indicator (1 if a household size is 
at most 2 people, 0 otherwise) [F] 
0.44 2.13 -0.014 -0.025 0.049 -0.010 
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Table 4.2 (Continued) 
Travel behavior  
      
Lack of commute indicator (1 if respondent does not 
commute, 0 otherwise) [N] 
1.15 2.67 0.012 -0.006 -0.004 -0.002 
Bikesharing system registration indicator (1 if 
respondent is registered for a bikesharing system, 0 
otherwise) [N] 
-0.96 -3.64 -0.043 0.016 0.021 0.007 
Bikesharing system registration indicator (1 if 
respondent is registered for a bikesharing system, 0 
otherwise) [L] 
-0.79 -3.19 0.013 -0.058 0.032 0.013 
Bikesharing system registration indicator (1 if 
respondent is registered for a bikesharing system, 0 
otherwise) [W] 
0.69 2.11 -0.005 -0.011 -0.015 0.032 
Short parking time for the most regular trip (1 if 
parking time is less than 5 minutes, 0 otherwise) [F] 
-0.49 -2.49 0.015 0.023 -0.047 0.009 
Medium parking time for the most regular trip (1 if 
parking time is between 5-10 minutes, 0 otherwise) 
[W] 
-0.75 -1.74 0.002 0.003 0.004 -0.009 
Commute by driving alone indicator (1 if respondent 
drives alone for their most common trip, 0 otherwise) 
[W] 
-1.11 -3.55 0.011 0.022 0.024 -0.056 
Short one-way distance to the grocery store indicator  
(1 if the distance to grocery store is 1 mile or less, 0 
otherwise) [W] 
0.68 2.63 -0.006 -0.011 -0.004 0.021 
Crash involvement 
      
Crash involvement indicator (1 if respondent was 
involved in a vehicle crash, 0 otherwise) [L] (Standard 
deviation of parameter distribution) 
0.41 (2.02) 1.80 (1.89) -0.011 0.045 -0.022 -0.012 
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Table 4.2 (Continued)       
Health indicators 
      
Self-assessed health indicator (1 if respondent assessed 
their health as good or extremely good, 0 otherwise) 
[N]  
-0.66 -1.78 -0.071 0.034 0.029 0.008 
Self-assessed health indicator (1 if respondent assessed 
their health as good or extremely good, 0 otherwise) 
[W] 
-1.45 -3.67 0.018 0.039 0.042 -0.099 
High BMI indicator (1 if respondent has a BMI (body 
mass index) greater than 25, 0 otherwise) [W] 
-0.57 -1.63 0.003 0.005 0.005 -0.013 
Obese BMI indicator (1 if respondent has a BMI (body 
mass index) greater than 30, 0 otherwise) [N] 
0.65 2.10 0.015 -0.007 -0.006 -0.002 
Number of observations 675     
Log likelihood at zero -935.75     
Log likelihood at convergence -797.63     
 Parameter defined for: [N] Have Never Used; [L] Less Than Once a Month; [F] Few Times a Month; [W] At Least Once a Week 
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CHAPTER 5: INDIVIDUALS’ WILLINGNESS TO RENT THEIR PERSONAL 
VEHICLES TO OTHERS: AN EXPLORATORY ASSESSMENT 
 
5.1 Executive Summary  
Peer-to-Peer (P2P) carsharing business model permits individuals renting their personal 
vehicle in order to receive a monetary compensation. The fleet of peer-to-peer carsharing is 
generally formed of personally owned cars but operated by a third party company. Because of 
the novelty of peer-to-peer carsharing concept and lack of supporting policies, this model is just 
now slowly entering the market and gaining momentum among its users. In the current chapter 
the focus will be to investigate the willingness to rent a personally owned vehicle in order to 
receive a financial compensation. To explore the attitudes and perceptions regarding the act of 
supplying a personal vehicle to peer-to-peer vehicle fleet, a state preference survey was designed 
and disseminated between February and April of 2018. The survey questionnaire collected 
detailed socio-demographic information, as well as data on travel behavior and travel patterns. 
These data were then used to estimate a random parameters ordered probit model. Some of the 
key variables found statistically significant in the model and predicting the willingness to rent 
out a personal vehicle were gender, age, income, household composition, vehicle ownership, 
living location with respect to a grocery store and participation in other shared mobility modes. 
Because of the propriety data that is available to investigate the behavior of peer-to-peer 
carsharing users, this study offers valuable insights about this novel transportation alternative.     
It also provides an early evaluation of the peer-to-peer carsharing market. 
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5.2 Introduction to Peer-to-Peer Carsharing 
The concept of sharing economy aims to maximize and optimize the use of resources and 
decrease cost while increasing accessibility of products, goods, or services.  It has been widely 
adopted in the area of transportation under the term shared mobility. In recent years the sharing 
economy and in particular shared mobility has been considered an important element of a 
sustainable transportation system.  
The breakdown of shared mobility modes includes bikesharing, carsharing, ridesharing, 
and the sharing-related potential of private and public transportation network companies 
(Kodransky and Lewenstein, 2014). Each of them operates on different paradigms and each has a 
different business model.  With regard to carsharing, there currently are four distinctive business 
models: roundtrip carsharing, one-way (or point-to-point) carsharing, peer-to-peer carsharing, 
and fractional ownership (Shaheen et al., 2018). Most carsharing companies allow their users to 
rent a vehicle on an hour or daily bases while they are collecting a monthly or annual fee.  
In this chapter the focus fall mainly on the peer-to-peer carsharing model, which 
encompasses personal vehicle sharing and allows renting a personally owned vehicle and 
collecting a monetary compensation for it. The available vehicle fleet in peer-to-peer carsharing 
is composed only of personally owned cars. Although the vehicle owners do receive a monetary 
compensation for renting out their cars, operations of the whole network are usually managed by 
a third-party company, and this company keeps a percentage of that compensation. One of the 
upsides of this model is that the operator (rental agency) does not have to buy the vehicle fleet 
and thus the initial start-up costs are negligible compared to a traditional carsharing model in 
which the provider owns the vehicle fleet. This concept supports the sharing and use of already 
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owned and underutilized goods, which in effect allows rental agencies to use the vehicle fleet 
without the need for maintenance.  
Over the years, there have been a number of studies that have peer-to-peer carsharing.  
For example, Shaheen et al. (2012) found that the peer-to-peer carsharing model can also 
considerably decrease overall operating costs mostly because vehicle capital comprises almost 
70% of total operating expenses for traditional carsharing companies.  Past work has also noted 
that some of the desirable consequences of carsharing include reduced car ownership, lower 
greenhouse gas emissions coupled with its potential to relieve congestion and provide convenient 
mobility solutions especially in the areas with limited parking (Shaheen et al., 2008; Correia and 
Viegas, 2011). Furthermore, Clewlow (2016) found carsharing tended to induce higher transit 
use, walking and biking, decrease household vehicle ownership, and increase rates of ownership 
of electric vehicles. Although the literature relating to carsharing is fairly extensive, the 
empirical work seeking to understand the role of socio-demographic factors relating to the 
adoption intention of traditional carsharing and peer-to-peer carsharing models is limited (Prieto 
et al., 2017).  
The wide application and desirable consequences of peer-to-peer carsharing make this 
emerging mode worthy of further investigation. Because the presence of a vehicle fleet is a key 
component to a successful network, the focus in this chapter will directed toward exploring the 
vehicle supply side of peer-to-peer carsharing. Specifically, the current study seeks to provide 
insights into one’s willingness to rent their personal vehicle by collecting detailed data relating to 
potential vehicle providers’ socio-demographics, travel history, travel behavior, and health-
related information, and then use these data to estimate a statistical model of their willingness to 
rent their vehicle in a peer-to-peer system. The model estimation results will provide insights 
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into the likelihood of individuals allowing someone to use their personal automobile in exchange 
for financial compensation. 
The chapter begins with a literature review, which focuses on peer-to-peer carsharing 
services and associated with them challenges. The literature review section is followed by a 
description of survey design and data collection process, methodological approach, and 
discussion of results. Finally, the chapter concludes with a summary and discussion of findings. 
5.2.1 Overview of Sharing Economy and Peer-to-Peer (P2P) Carsharing 
The term “sharing economy” has become widely popular over the past years however 
some researchers have pointed out the lack of novelty of this concept and have emphasized that it 
existed before. The statement that the sharing economy is innovative ignores the fact that the 
working class and lower income communities have historically practiced it in the face of the 
changing economic conditions and markets (Frenken and Schor, 2017). Nevertheless, the same 
authors indicated an interesting novelty in what is viewed as the modern sharing economy is the 
notion of sharing one’s assets and goods with people outside their social networks. Rapid growth 
of technology and digital platforms allow for easy and convenient communication with strangers 
and thus have made the sharing of assets less complex than in years past.  
The practical implication of the sharing economy is that it gives others access to an 
individual’s personal, under-utilized assets, with a possibility of monetary benefit. Benkler 
(2014) defined shareable goods as goods with excess capacity, defined as the condition where 
the owner does not consume the whole product all the time. Some examples of goods potentially 
having excess capacity include vehicles, houses, boats, and even books and tools. The 
willingness to participate in a sharing economy can have different motivations varying from 
economic, environmental, social or lifestyle related (Bocker and Meelen, 2017).  
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There is also a separate body of literature addressing the psychological motivation for 
participating in a sharing economy based on common psychological theories. Bellotti et al. 
(2015) summarized some of the theories of motivation for participation in the sharing economy. 
The theory of the hierarchy of needs Maslow (1943), which suggests sharing economy 
participation is an outgrowth of psychological and self-fulfillment needs. Self-determination 
theory is another behavioral theory that is also often linked with sharing economy related 
behaviors (Hamari et al., 2015; Bellotti et al., 2015; Tussyadiah, 2016). Here, sharing behavior is 
motivated by fundamental motivations, which arise from feeling satisfaction with the activity. 
Somewhat differently, social exchange theory, focuses on the formation of motivations for 
economic relationships through exchanges in a network (Bellotti et al., 2015). These and other 
theories have formed the basis for empirical studies that have sought to identify measurable 
factors that determine sharing economy participation probabilities. These empirical studies have 
found older age, education, gender, income, marital status, and the state of being 
environmentally friendly to be significant factors in sharing economy participation 
(Diamantopoulos et al., 2003; Li et al., 2005; Cornwell et al., 2008; Shen and Saijo, 2008; 
Hellwig et al., 2015). 
Regarding shared mobility related behaviors, and in particular the process of renting a 
personal vehicle to receive a monetary compensation, Wilhelms et al. (2017) and Shaheen et al. 
(2018) identified the motives for renting a personal vehicle to be mainly driven by financial 
reasons. Nevertheless, shared-economy advocates have argued that it could also be a result of 
more altruistic and environmental-sustainability motives (Belk, 2010). However, some have 
argued that better access to vehicles could increase automobile usage and thus lead to more 
congestion and pollution. Potential increases in vehicle access and usage could eventually impact 
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the accessibility and cost of other modes of transportation such as public transit and taxis 
(Benjaafar et al., 2018).  
Shaheen et al. (2018) found that income, education, race, gender and age were important 
factors in peer-to-peer carsharing behaviors. Peer-to-peer carsharing users had slightly higher 
incomes compared to the US population as a whole. They also were found to be more likely to 
be males and white, and tended to be younger and more educated than the general population. In 
their work, over half (55%) of survey respondents that used on peer-to-peer carsharing used the 
system one or more times a month. The most active users (8% of the collected sample) used the 
system five or more times per month. The users primarily used the carsharing system to meet 
their basic transportation needs including running errands, and also for long distance recreational 
travel.  
The same authors (Shaheen et al., 2018) also studied the challenges to the operators of 
peer-to-peer carsharing companies.  They were able to identify the key barriers to peer-to-peer 
carsharing to be the lack of predictability and reliability, as well as a fleet condition that often 
exhibits major differences among the vehicles such as age, maintenance or wear and tear. Due to 
the lack of state and national policies, vehicle insurance was another reported challenge. 
Operators were forced to find ways within industry frameworks (many times flawed) to 
successfully run their peer-to-peer companies, with the lack of standardized insurance policies 
still presenting a major barrier to this evolving carsharing model.  
Ballús-Armet et al. (2014) asked respondents in their survey whether they would be 
willing to rent out their personal vehicle. About 50% of respondents (53% and 47% in San 
Francisco and Oakland, respectively) indicated having some concerns with regard to insurance 
and liability. Some other concerns mentioned were fear of damage and fear of renting out their 
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automobile to an unreliable customer. Despite the above concerns more than 25% of surveyed 
vehicle owners indicated willingness to rent out their vehicles through a peer-to-peer carsharing 
service. In addition to being motivated by the financial compensation, the respondents were also 
willing to make use of an otherwise underused asset.   
A number of different pricing strategies are currently being tested and practiced. Some 
operators allow the owners to determine the price while others (DriveMycar) determine the price. 
There is also a hybrid model that allows the owner to name the price but permits the platform to 
adjust it higher (Turo). Another pricing approach lets the platform suggest a price (JustShareIt) 
but allows owners to modify it. Because we are still in the early stages of peer-to-peer 
carsharing, there is likely to be an experimental and transitional phase in pricing strategies. 
However there appears to be a trend toward operators determining the price through developing 
of sophisticated pricing engines (Benjaafar et al., 2018).  
To date, the literature addressing the socio-demographic factors relating to the adoption 
patterns of peer-to-peer carsharing has been relatively limited. The intent of this study is to 
develop a deeper understanding of factors determining the propensity to participate in peer-to-
peer carsharing and, in particular, to rent out a personal vehicle for financial compensation. To 
achieve this goal, survey data containing detail socio-demographic and travel information will be 
used to estimate a statistical model of individuals’ participation likelihood.  
5.3 Survey and Research Design 
To gather the data for the current study a web-based survey that focused on preferences 
and behaviors related to shared mobility was designed.  The survey was disseminated between 
February and April 2018, and the data-collection process was performed using online survey 
software with the help of CycleHop Bike Share Company and the University of South Florida. 
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The survey was shared with the registered CycleHop Bike Share Company members of 
bikesharing programs located in Florida (Orlando, Tampa, St., and Petersburg) and the students 
and faculty of the Tampa campus of University of South Florida. The survey was also advertised 
on social media through multiple social media platforms. The survey collected information on 
socio-demographic factors, household composition, travel behavior, travel history, commute type 
and length, shared mobility related behaviors as well as some health-related questions such as 
body mass index and overall health status. The question that will be used as the dependent 
variable in this research asked about respondents’ willingness to rent out a personal vehicle to 
receive a monetary compensation. The respondents were given five possible responses: 
extremely unlikely, unlikely, do not know/cannot say, likely and extremely likely. To assure the 
consistency of the data, the responses of users who do not own a vehicle will not be used in the 
model as this would involve making a hypothetical choice by respondents and possibly 
impacting the model estimation results. Out of the 644 observations that were used to estimate 
the model 285 (44%) respondents indicated that they were extremely unlikely to rent out their 
personal vehicle, 208 (32%) respondents implied they were unlikely to do so, 62 (10%) answered 
they do not know/cannot say while 69 (11%) and 20 (3%) were likely and extremely likely, 
respectively.  
In addition to the typical socio-demographic and travel related variables that are often 
used in shared mobility behaviors studies, the dataset was expanded with health related questions 
and bikesharing registration status. In the sample used for this research 301 respondents 
indicated to be registered users of a bikesharing system. Interestingly, some studies have found 
an association between certain lifestyle choices and positive attitudes toward shared mobility 
modes in general (Lavieri et al., 2017).  Barbour et al. (2019a) concluded that being registered 
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for a bikesharing system had an impact on the likelihood of frequency of using ridesourcing 
services such as Uber or Lyft.  
5.4 Methodological Approach  
The objective of the study is to investigate the willingness to rent out a personal vehicle 
in order to receive a financial incentive. The respondents were asked to identify how likely they 
are to allow another person drive their vehicle and were offered the following choices: extremely 
unlikely, unlikely, do not know/cannot tell, likely, and extremely likely. Numerous statistical 
approaches are available to investigate the influence of independent variables on the willingness 
to rent out a personal vehicle.  
Because the dependent variable is of an ordered nature, a random parameter ordered 
probit model will be estimated. Such approach is considered standard and widely applied in data 
science (Greene, 1997; Washington et al., 2011). Some other modeling approaches include: 
random parameters ordered logit model, latent class ordered probit model, mixed logit model (it 
would not include the order of the data), hierarchical ordered probit among others. 
First, an unobserved variable, z, which is used as a basis for modeling the ordinal ranking 
of the data has to be defined.  It is specified as a linear function and written as: 
             zi = Xi + i                                                 (1) 
where X is a vector of explanatory variables that determines the discrete ordering for observation 
i,  is a vector of estimable parameters, and i is a disturbance term. Equation 1 is further used to 
define observed ordinal data, yi : 
     yi = 1  if zi  0  
        = 2  if 0 < zi  1 
        = 3  if 1 < zi  2                                   (2) 
        = 4  if 2 < zi  3 
        = 5  if zi  3, 
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where 1 = extremely unlikely, 2 = unlikely, 3 = unsure, 4 = likely, and 5 = extremely likely,  and 
's are estimable parameters (referred to as thresholds) that define yi and are estimated jointly 
with the model parameters .  To determine the probability of the five specific ordered responses 
for each observation i, an assumption on the distribution of i in Equation 1 has to be made. 
Ordered probit models is a result of assuming that i  is normally distributed across observations 
(in a case when i is assumed to have logistic distribution an ordered logit model would be 
estimated).  
The ordered category selection probabilities can be written as (assuming the disturbance 
terms are normally distributed) (Washington et al., 2011), 
    P(y = 1) = (–Xi) 
    P(y = 2) = (1–Xi) – (–Xi) 
    P(y = 3) = (2–Xi) – (1–Xi)                                 (3) 
    P(y = 4) = (3–Xi) – (2–Xi) 
    P(y = 5) = 1 – (3–Xi), 
 
where (.) is the cumulative normal distribution.  
A positive value of β indicates that an increase in Xi will increase the probability of 
getting the highest response (extremely likely) and will decrease the probability of getting the 
lowest response (extremely unlikely) thus the model allows for the clear interpretation of the 
extreme categories. The direction of the effect that the explanatory variables has on the 
dependent variable is difficult to interpret in the intermediate categories (unlikely, do not know/ 
cannot say, likely) thus average marginal effects are computed at the sample mean as Equation 4 
below (Washington et al., 2011). 
      ,                          (4) 
 
   1
i
n i n i
i
P y = n
       
βΧ βΧ β
X
 
 
83 
 
where P(y = n) is the probability of outcome response n, µ represents the thresholds, and ϕ(.) is 
the probability mass function of the standard normal distribution. Marginal effects indicate the 
magnitude of effect that a one-unit change in an independent variable has on outcome category 
n’s selection probability. 
Lastly, it is important to consider the presence of unobserved heterogeneity present in the 
dataset. Unobserved heterogeneity recognizes that unobserved factors are present in the data and 
explanatory variable does not have a homogenous effect across observations but rather varies 
across individual observations or groups of observations. To acknowledge and account for this 
possibility, several statistical approaches are available transportation related literature. Some of 
them include mixed logit models, latent class (finite mixture) models, Markov switching models, 
or combinations of the above. In currently presented model, the possibility of presence of 
unobserved heterogeneity is considered by estimating a random parameters formulation with, 
              βi = β + φi ,             (5) 
where βi is a vector of observation parameters and φi is a randomly distributed term (for 
example, normally distributed term with mean zero and variance σ2).  Maximum likelihood 
estimation is used to estimate random parameters ordered probit model and 1,000 Halton will be 
used to arrive at the final model estimation. 1,000 Halton draws have been shown to sufficiently 
allow accurate parameter estimates (Bhat, 2003; Milton et al., 2008; Anastasopoulos and 
Mannering, 2009; Behnood and Mannering, 2016). 
 The ordered probit is frequently chosen over the ordered logit because of the assumption 
of normality. Moreover, the discrete ordered nature of the dependent variable  allows to avoide 
the complexities and difficulties that are encountered in estimating the multinomial probit model 
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for unordered discrete data. Even with the practical diffuclty to interpret the intermediate 
categories, ordered probit (in this case random paramaters oredred probit) is considered the best  
fit for the current data. 
5.5 Model Estimation Results  
Summary statistics of variables found to be statistically significant in the model are 
presented in Table 1. Random parameters ordered probit model estimation results are presented 
in Table 2 with corresponding marginal effects in Table 3.  
Turning to the estimation results in Tables 2 and 3, it is interesting that the body mass 
index (BMI) and other health-related variables were not found to be statistically significant in the 
model. It was suspected that such variables may capture life-style choices that could affect rental 
likelihoods, but the model estimation results do not support this. However, Table 2 shows that 
gender is a statistically significant variable in determining the willingness to rent out a personal 
vehicle to receive a monetary compensation. As indicated by the average marginal effects (Table 
3) female respondents were found to have a higher probability of being extremely unlikely to 
rent their personal vehicle relative to their male counterparts. Female respondents had, on 
average, 0.072 higher probability to be extremely unlikely to rent their personal vehicle. This 
finding is consistent with Shaheen et al. (2018) who found that males were more inclined to use 
peer-to-peer carsharing services relative to females.  
Respondents who are 40 years old or greater, produced a normally distributed random 
parameter with the mean equal -0.36 and standard deviation 0.49. Although the effect of this 
variable suggests heterogeneous behavior among this group of users (as reflected by the presence 
of a statistically significant random parameter), that age group, on average, had a higher 
probability to be extremely unlikely to rent their personal vehicles to others as indicated by 
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marginal effects in Table 3. An older age indicator has previously been identified by many 
researchers to be an important factor in determining the adoption of sharing economy systems 
(Diamantopoulos et al., 2003; Li et al., 2005; Cornwell et al., 2008; Shen and Saijo, 2008; 
Hellwig et al., 2015).  
Respondents who identified themselves as Caucasians had a higher probability to be 
extremely unlikely to rent their autos relative to others. Previous studies addressed, to some 
degree, the behavior differences between Caucasians and other races and found that Caucasians 
do not only had higher accessibility to automobiles (Berube et al., 2006) but were also more 
skeptical to engage in shared mobility behaviors and modes (McKenzie, 2015).  
Respondents from households with a high annual household income (above 
$200,000/year) produced a normally distributed random parameter with mean -0.39 and standard 
deviation equal to 0.90. Although the effect of this variable was found to vary significantly 
across the respondents, the average marginal effect equal to 0.156 (in the extremely unlikely 
category) suggests that the respondents from this group had a higher probability to be extremely 
unlikely to rent their personal vehicle to others. Other studies have also found income to be a 
significant factor in determining the likelihood of engaging in shared mobility options (Shaheen 
et al., 2014; Woodcock et al., 2014; Dias et al., 2017). Psychological studies that touched upon 
the motivations to participate in shared mobility have argued that, although financial need may 
be a driving factor in shared mobility engagement, altruistic and environmentally sustainable 
motives could be equally important (Belk, 2010). This could explain the non-homogenous 
behavior in this group as reflected by the statistically significant random parameter. This 
heterogeneous behavior among respondents from higher income households could indicate an 
opportunity for peer-to-peer carsharing model to be adopted among a wide variety of socio-
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demographic groups as well as highlights the fact that the reasons to participate in sharing 
economy are not driven strictly by financial needs (discussed in a great detail by Wilhelms et al., 
2017). 
With regard to household composition, respondents from one-person households had a 
higher probability to be extremely unlikely to rent out their personal vehicle (as indicated by 
marginal effects presented in Table 3). Although marginally significant, this finding likely 
captures higher auto reliance among respondents from one-person households. 
Respondents from households with only one vehicle produced a normally distributed 
random parameter with a mean 0.21 and standard deviation equal to 0.61 (recall that responses 
from respondents whose households did not own any vehicles were excluded from the analysis). 
The effect of this variable suggests there is a significant difference in behaviors among 
respondents from one-vehicle households. It could be speculated that these differences are a 
result of lifestyle choices and other aspects of decision making that are not directly addressed in 
the survey. That is, there is likely considerable variance in one-vehicle households ranging from 
an income-constrained household with heavy use of their single vehicle to households choosing 
to own one vehicle as a lifestyle choice to minimize their carbon footprint, and these households 
may also be highly motivated to participate in sharing economy initiatives.  
Regarding travel patterns, the explanatory variable indicating one-way travel time to a 
grocery story of five minutes but one-way distance to a grocery store being more than one mile 
was statistically significant in the model. Other travel-related variables such as total daily travel 
time or commute distance and time were considered but they did not produce statistically 
significant parameters. Respondents from such households (who had one-way travel time to a 
grocery store be less than five minutes but the distance more than one mile) were found to have, 
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on average, higher probability to be extremely unlikely to rent their personal vehicle. Presumably 
this variable is capturing a mix of factors relating to respondents’ lifestyle choices and 
preferences, as well as residential/commercial forms and levels of traffic congestion since having 
quick access over longer distances provides information on the residential and commercial 
spatial distribution, and the transportation network. Grocery store location with respect to 
respondent’s residence was also statistically significant in previous papers addressing adoption 
of new technologies such as shared automated vehicles (Barbour et al., 2019b).  
Lastly, bikesharing registration indicator was found to be statistically significant in the 
model estimation results (Table 2). As indicated by the average marginal effects (Table 3), 
respondents who noted that they are registered for a bikesharing system had, on average, 0.062 
lower probability to be extremely unlikely to rent out their personal automobile and higher 
probability to belong to other willingness categories. This result offers an important insight 
relating to travel behavior and it aligns with prior studies that link shared mobility behaviors 
across multiple modes and transportation options (Barbour et al., 2019c).  
5.6 Summary and Conclusions  
This research offers some initial perspectives on factors affecting people’s willingness to 
share their personal vehicles. It explores the role of socio-demographic characteristics coupled 
with travel patterns and travel behavior factors to identify the key variables that play a role in 
likelihood of renting a personal vehicle to others. Caucasian female respondents who live in one-
person households and have less than five minutes one-way travel time but more than one mile 
distance to a grocery store had a higher probability to be extremely unlikely to rent their personal 
vehicle to receive a monetary compensation in exchange. In contrast, respondents who indicated 
to be registered users of a bikesharing system, were found to have a lower probability to be 
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extremely unlikely to rent their personal automobiles. The variables that found to have 
heterogeneous effects across respondents (as reflected by the presence of statistically significant 
random parameters) were age (at least 40 years old), high annual household income (above 
$200,000) and households that owned only one motor-vehicle.  
Although this study provides some initial insights, the findings must be used with caution 
because people’s opinions, perceptions and preferences regarding peer-to-peer carsharing will 
likely be changing as they become more familiar with this type of carsharing and additional 
policies are formed.  Sheela and Mannering (2019) provide statistical evidence of such changing 
opinions, perceptions and preferences in their study of autonomous vehicle adoption, and peer-
to-peer carsharing should follow this model.  
Finally, it is important to point out that, although this research did not consider the price 
point at which an individual becomes willing to rent their vehicle (as this price point will vary 
for each user), it made an assumption that the individual willing to rent their vehicle would be 
satisfied with the compensation (which is consistent with some of the business models that allow 
for flexible pricing).  
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5.7 Summary Statistics and Model Estimation Results Tables 
Table 5.1 Summary statistics for variables included in final model estimation 
 
Variable Description  
 
Mean 
Standard 
Deviation 
Female indicator (1 if respondent is female, 0 otherwise)  0.59 0.49 
Age indicator (1 if respondent is 40 years old or greater, 0 otherwise) 0.36 0.48 
Caucasian indicator (1 if respondent is Caucasian, 0 otherwise) 0.72 0.45 
High annual household income indicator (1 if respondents annual household 
income is more than $200,000/year, 0 otherwise) 
0.15 0.35 
One-person household indicator (1 if respondent lives alone, 0 otherwise) 0.19 0.39 
One motor-vehicle indicator (1 if respondent’s household owns or leases 1 motor-
vehicle, 0 otherwise) 
0.31 0.46 
Grocery store time-distance indicator (1 if respondent has less than 5 minutes but 
more than 1 mile to a grocery store, 0 otherwise) 
0.20 0.41 
Bikesharing registration indicator (1 if respondent is a registered user of a 
bikesharing system, 0 otherwise) 
0.47 0.50 
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Table 5.2 Random parameters ordered probit model estimation of willingness to rent out a 
personal vehicle to receive monetary compensation (extremely unlikely, unlikely, do not 
know/cannot tell, likely, extremely likely) (all random parameters are normally distributed) 
 
Variable Description 
Estimated 
Parameter 
 
t-Statistic 
Constant 0.53 4.32 
Female indicator (1 if respondent is female, 0 otherwise)  -0.18 -1.99 
Age indicator (1 if respondent is 40 years old or greater, 0 otherwise) 
(Standard deviation of parameter distribution) 
-0.36 
(0.49) 
-2.59 
(5.96) 
Caucasian indicator (1 if respondent is Caucasian, 0 otherwise) -0.19 -1.87 
High annual household income indicator (1 if respondent’s annual household 
income is more than $200k, 0 otherwise) (Standard deviation of parameter 
distribution) 
-0.39 
(0.90) 
-2.59 
(5.85) 
One-person household indicator (1 if respondent lives alone, 0 otherwise) -0.22 -1.45 
One motor-vehicle indicator (1 if respondent’s household owns or leases 1 motor-
vehicle, 0 otherwise) (Standard deviation of parameter distribution) 
0.21 
(0.61) 
1.53 
(7.22) 
Grocery store time-distance indicator (1 if respondent has less than 5 minutes but 
more than 1 mile to a grocery store, 0 otherwise) 
-0.20 -1.69 
Bikesharing registration indicator (1 if respondent is a registered user of a 
bikesharing system, 0 otherwise) 
0.16 1.72 
Threshold, µ1 1.00 16.61 
Threshold, µ2 1.42 19.43 
Threshold, µ3 2.32 19.31 
Number of observations 644  
Log-likelihood (constants only) -836.08 
Log-likelihood at convergence -817.18 
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Table 5.3 Marginal effects of the random parameters ordered probit model estimation of 
respondent's willingness to rent out a personal vehicle in order to receive monetary compensation 
 Average Marginal Effects 
 
Variable Description 
Extremely 
Unlikely 
Unlikely Unsure Likely 
Extremely 
Likely 
Female indicator (1 if respondent is female, 0 
otherwise) 
0.072 -0.021 -0.018 -0.026 -0.007 
Age indicator (1 if respondent is 40 years old or 
greater, 0 otherwise) 
0.141 -0.047 -0.035 -0.047 -0.012 
Caucasian indicator (1 if respondent is 
Caucasian, 0 otherwise) 
0.076 -0.020 -0.019 -0.028 -0.008 
High annual household income indicator (1 if 
respondent’s annual household income is more 
than $200k, 0 otherwise) 
0.156 -0.060 -0.037 -0.047 -0.011 
One-person household indicator (1 if 
respondent lives alone, 0 otherwise)  
0.091 -0.032 -0.023 -0.030 -0.007 
One motor-vehicle indicator (1 if respondent’s 
household owns or leases 1 motor-vehicle, 0 
otherwise) 
-0.081 0.022 0.021 0.030 0.008 
Grocery store time-distance indicator (1 if 
respondent has less than 5 minutes but more 
than 1 mile to a grocery store, 0 otherwise) 
0.078 -0.027 -0.019 -0.026 -0.007 
Bikesharing registration indicator (1 if 
respondent is a registered user of a bikesharing 
system, 0 otherwise) 
-0.062 0.018 0.016 0.022 0.006 
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CHAPTER 6: CONCLUSIONS AND DIRECTION FOR FUTURE WORK 
 
 
6.1 Summary and Conclusions 
 This study investigates the effects of socio-demographic, travel behavior factors, and 
health-related variables on adoption likelihoods and usage of shared mobility systems, which 
include  bikesharing, shared autonomous vehicles, ridesourcing and lastly peer-to-peer 
carsharing (users’ willingness to supply their vehicle). Each chapter focused on a different 
system and provided insights as well as uncovered some of the complexities related to behaviors 
associated with it.  
To perform statistical and econometric analysis, the data from two surveys were used 
(surveys disseminated in 2015 and 2018). The surveys collected detailed socio-demographic and 
typical travel information (e.g. commute time and distance, typical commute mode, parking time 
etc.), traffic crash involvement, and health-related variables (e.g. height, weight, health).   
The first objective (Chapter 2) was designed to understand which factors affect 
bikesharing usage frequency and auto-trip substitution. For the frequency-of-use model it was 
found that Caucasian males, respondents from one-person households, and those who indicated 
high total daily travel times (for all trips) were more likely to be a regular user of bikesharing 
(use it at least once a month). In contrast, respondents who drove alone for their commute and 
those who do not commute at all were less likely to use bikesharing regularly. Also, respondents 
from households with higher auto ownership (leased or owned at least three vehicles) and low 
average
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parking time during their most regular trip were less likely to use bikesharing at least once a 
month. Variables that were found to vary across respondents included low annual household 
income (below $50,000) and high body mass index (BMI) indicators. With regard to the auto-
mode substitution model (asking if a respondent would make an auto trip if bikesharing was not 
available), younger respondents (under 30 years old) were found more likely to make an auto trip 
in the absence of bikesharing. In contrast, those from households with annual household income 
more than $200,000 were found to be less likely to make an auto trip in the absence of 
bikesharing. Respondents who identified themselves as male were less likely to exhibit 
homogenous behavior and this parameter varied across population. With regard to travel 
behavior, it was found that respondents who commuted by driving alone were more likely to 
make an auto trip if bikesharing was not available. In contrast, those who spent less than 3 
minutes to find parking for their most regular trips and those whose households owned or leased 
three or more vehicles were less likely to make an auto trip.  
Variables such as body mass index and self-assessed health were introduced as 
explanatory variables in the models to fully assess the bikesharing behavior and identify whether 
the inclusion of such variables is necessary to model travel behavior. The influence of obese 
body mass index indicator (BMI above 30) was found to vary across population, which reflected 
the willingness of a percentage of this group being less likely to make an auto trip in the absence 
of bikesharing. This is important because it suggests that some people with obese BMI are 
willing to improve their health through participating in active transportation. The results did not 
only reveal which variables are predictors of frequency of bikesharing usage and determined the 
auto-mode substitution but also emphasized the importance of including the non-standard 
variables while examining transportation related behaviors.  
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The second objective (Chapter 3) aimed to investigate the willingness to adopt shared 
automated vehicles and analyze potential concerns associated with them. Two mixed logit 
models were estimated to identify the characteristics of early adopers and determine their major 
concerns. Among all respondents, 40.3% of them indicated willingness to use shared automated 
vehicle systems while the remaining 59.7% were not interesed in any of the modes offered 
through them. With regard to shared automated vehicle usage likelihoods it was found that 
respondents who were in households with just one vehicle, were in close proximity to grocery 
stores, and had previously been involved in a vehicle crash were more willing to use shared 
automated vehicles. In contrast, respondents who identified themselves as Caucasian, lived in 
households with two or fewer people, had commute trips of  45 minutes and longer, and required 
minimal time finding parking were less likely to use shared automated vehicles. High education 
levels, small households (with at most two people) and driving alone for commute purposes 
produced results that varied across respondents, making some more likely to use shared 
automated vehicles and others less likely.  
With regard to shared automated vehicle concerns, the characteristics of respondents who 
were more or less likely to be concerned with safety, reliability, privacy, and travel time/travel 
cost were also identified. Each respondent identified their most import concern and 59.8% of 
respondents were most concerned about safety of shared automated vehicles, 14.3% respondents 
about reliability, followed by 13.9% about privacy, 7.3% travel time, and 4.7% cost of the 
service. With regard to safety, male respondents and those who had graduate education levels 
were less likely to be concerned about it. In contrast, those respondents who did not commute 
were more likely to be concerned with safety. Respondents from three-people households and 
those whose households owned more than four vehicles tended to be mostly concerned about the 
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privacy aspect of shared automated vehicles. With regard to reliability (on-time performance), 
respondents with at least a bachelor’s degree were more likely to be concerned about this aspect. 
In contrast, respondents who identified themselves as Black/African American, and those whose 
proximity to grocery store was less than 1 mile were less likely to be concerned with the 
reliability. Variables that were significant on “other” function (travel time and cost concerns) 
were older age, and whose recent vehicle purchase was a lease.  
The third objective (Chapter 4) was designed to investigate the usage frequency of the 
ridesouring services such as Uber and Lyft. A mixed logit model was estimated to determine 
some of the factors influencing behaviors related to the ridesourcing usage. The model-
estimation findings showed that gender, age, annual household income level, race, presence of 
children under 6 years old in the household were all significant factors in ridesourcing usage. 
With regard to household characteristics and travel history, it was found that the number of 
household vehicles, household size, parking time and commute type (driving alone) all played 
roles in ridesourcing usage. This research revealed numerous factors that influenced ridesourcing 
behavior and the importance of some of them ought to be emphasized. Respondents who were 
less than 35 years old (primarily millennials) were found to be much more likely to use 
ridesourcing services at least once a week relative to their older counterparts Lower income 
households (annual household income below $75k), as well as those with children under 6 years 
old present in the household all had higher probabilities to never use ridesourcing services or use 
them infrequently. Undeniably, app-based ridesourcing services allow for convenient and easy 
way to increase one’s accessibility however they appear to be more popular among wealthier, 
younger and childless groups of users. This could reflect the presence of certain barriers that 
users are facing such as economic hardship, delayed technology adoption among older 
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individuals or lack of policies forcing the operator to provide car seats for children. The findings 
in this chapter relating to the statistical significance of unconventional explanatory variables are 
worthy of note. Bikesharing registration among respondents was found to significantly affect 
ridesourcing usage, in a generally positive way. This finding reflects a relationship between 
being a registered user of a bikesharing system and using other modes that shared mobility has to 
offer. Thus, there appears to be a sharing mentality that links consumer behavior and response to 
a whole range of emerging transportation options. In addition, both respondents’ self-assessed 
health and body mass index were found statistically significant in the ridesourcing usage model. 
This provides further support for the linkage between health and travel behavior and underscores 
the importance that such factors will likely play with the introduction of new and innovative 
transportation options.  
The last, fourth objective, (Chapter 5) aimed to analyze the likelihoods associated with 
renting a personal vehicle in order to receive a monetary compensation in exchange. The 
respondents were asked how likely they were to rent out their car and offered five choices: 
extremely unlikely, unlikely, unsure, likely and extremely likely. Because of the ordered nature 
of the variable of interest, an ordered probit model with random parameters was estimated. 
Caucasian female respondents who lived in a one-person household and had less than five 
minutes one-way travel time but more than one mile distance to a grocery store had a higher 
probability to be extremely unlikely to rent their personal vehicle to receive a monetary 
compensation in exchange. On the other hand, respondents who indicated to be registered users 
of a bikesharing system were found to have a lower probability to be extremely unlikely to rent 
out their personal automobile. The variables that were found to vary across respondents were age 
(at least 40 years old), high annual household income (above $200,000) and households that 
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owned only one motor-vehicle. The findings in this chapter relating to the lifestyle components 
of transportation choices are worthy discussion. Respondents from households with higher 
annual income (above $200,000) as well as those households owned only one motor-vehicle 
were found to exhibit heterogeneous behavior. It could be speculated that the percentage of such 
respondents had different motivations to rent out their vehicle. According to the literature, aside 
from financial compensation, users’ motives could be environmental, social or lifestyle related 
(Bocker and Meelen, 2017).  
This research shows that there is a lot more to take into consideration when investigating 
behaviors related to shared mobility. There appears to be a shift in how people perceive sharing 
of their private assets and their motivations. Shared mobility has not only been providing 
convenient services but also opened up a forum for discussion regarding human psychology, 
health and lifestyle choices. 
6.2 Research Contributions  
 This dissertation contributes to the field of transportation research and closes some gaps 
in literature relating to shared mobility and travel behavior.  
 First, the research takes in consideration a wide set of explanatory variables that are 
typically not used as standard variables to model travel behavior. The introduction of health 
related variables allowed to investigate the behaviors related to sharing economy more fully.  
 Additionally, this research emphasizes the need to use broader perspective to address the 
equality and equity in transportation. In addition to low-income indicators that intuitively impact 
transportation choices and shared mobility propensity, some of the variables that were frequently 
identified to play roles include children present in the household and high BMI (body mass 
index) indicator.  
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 Next, the findings from this research allow to assess the market need, anticipated 
behaviors and willingness to adopt bikesharing, shared automated vehicles, ridesourcing and 
peer-to-peer carsharing. Each objective offers a separate assessment of each of these 
transportation alternatives and provides key insights into users’ behavior. 
 Lastly, this study revealed how peer-to-peer carsharing (that is just now entering the 
market) is currently perceived and identified significant variables that will affect an individuals’ 
willingness to rent their personal vehicle to receive a monetary compensation in exchange. It has 
also confirmed that financial reason are not the only driving force in sharing economy 
engagement. 
 Overall, the intent of this research was to combine the knowledge from multiple 
disciplines (e.g. public health, human psychology, travel behavior) to investigate shared mobility 
related behaviors and shared mobility adoption. Because transportation field is currently being 
disrupted by technological growth and presence of new modes, it is essential to include non-
standard variables to analyze behaviors relating to the adoption and usage of these new modes in 
order to prepare and plan for the future. 
6.3 Shortcomings and Recommendations for Future Research 
The findings of this study are based on two surveys (first one was disseminated in 2015 
and the second one was disseminated in 2018). The 2015 data were used to analyze the 
likelihood to adopt shared autonomous vehicles whereas the 2018 data were used to investigate 
the remaining objectives (bikesharing usage and auto-trip substitution, frequency use of 
ridesourcing, and willingness to rent a personal vehicle to peer-to-peer carsharing fleet). As it is 
the case with most state-preference surveys, the ideal representation of population is unlikely to 
be achieved. 
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One of the shortcomings of this research is that the data used in one of the chapters 
(Chapter 3) focusing on shared automated vehicles adoption were collected in 2015 (survey 
designed by Dr. Nikhil Menon). Automated vehicles were fairly new concept then (and they are 
still now) and thus the responses could not fully reflect the true willingness to adopt (meaning 
that the respondents would behave differently than they indicated in the survey once shared 
automated vehicles became available in the market). The original question asked which one of 
the modes offered by shared automated vehicles a respondent was most willing to use and the 
five choices were given: car sharing with or without ownership, ride sharing with or without 
ownership, taxi-service, as public transit, or not interested in using them at all. Out of 782 
respondents, 315 indicated an interest in one of the modes, whereas 467 respondents indicated no 
interest in using shared automated vehicles. It is likely that at that time, the general public had 
difficulties to distinguish between different modes of shared automated vehicles and thus 
correctly assess their intended adoption. To avoid this potential discrepancy the binary variable 
was considered in model estimation (willing to use one of the modes of shared automated 
vehicles vs. not being willing to use any of the modes).  
Another shortcoming is that the attitudes towards new technologies and transportation 
modes are likely to change as general population gains knowledge and becomes more 
comfortable with them. Although the transitioning process will be happening over multiple 
years, the fact remains that the findings of this research are likely to evolve and change as some 
of the shared mobility modes and business models progress.  
Because the health-related variables (e.g. body mass index, self-assessed health) were 
statistically significant in numerous models, it is likely that lifestyle variables play bigger role 
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than expected in transportation related decisions. Adding more variables that reflect lifestyle and 
health is strongly encouraged in future transportation behavioral research.  
Moreover, it was found that a significant percentage of respondents from low-income 
households (annual household income below $50,000) were more likely to use the bikesharing 
system more frequently. Although this finding is not consisent with prior research indicating that 
the bikesharing users usally have a higher average income, the advanced methodology used in 
this study identified an opportunity to improve mobility and accessibility of low-income 
population through proper pricing of bikesharing programs and placement of bikes in low-
income areas. It is suggested that sharing mobility among low-income respondents should be 
further examined to  improve the equity of emerging transportation service .   
For the last objective that focused on the users’ likelihood to rent out a personal vehicle 
to receive a monetary compensation, the detailed pricing information was not provided. The 
assumption was that the consumer would be satisfied with the price (many business models 
allow for the flexible pricing and even let the owners to determine the price), however, such 
assumption could be relaxed if structured pricing scheme becomes available.  
With regard to the implications of this research, there are several policy suggestions that 
would allow to improve the equality and equity in transportation. Respondents, who indicated 
the presence of children under 6 years old in their households, were found statistically significant 
in numerous models and thus reflected that presence of children strongly affects transportation 
choices. Policies that would allow to safely accommodate children during trips in various modes 
could potentially contribute to more uniform behavior among different groups of respondents. 
Furthermore, the high body mass index indicator was also statistically significant in 
several models. This result points to the opportunity of improving public health through the 
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formation of the right policies and public engagement. It is suggested to investigate further this 
relationship in order to gain more insights into how public health can be impacted by 
transportation choices on a larger scale and how to encourage particular groups of users. 
Incentives targeting groups with high body mass index could help to change habits and 
contribute to improving health and reducing obesity.  
Undeniably, the area of shared mobility has not only improved the accessibility and 
movement of people and goods but has also opened up a forum for interdisciplinary research.  
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